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Objective. The goal of this research is to evaluate preventable hospital utilization among 
Medicaid-insured federally qualified health center (FQHC) patients in North Carolina and to 
determine organizational factors associated with preventable hospital use.  
Methods. Using 2013-2015 Medicaid claims data, we applied instrumental variable 
analysis using two-stage residual inclusion to account for differential patient selection into 
FQHCs and estimated the association of FQHC use on preventable hospital utilization. Because 
there is no “gold standard” in performance classification, we applied three different 
methodologies to rank FQHC organizations according to their relative rates of preventable 
hospital use and estimated an overall performance ranking that incorporated the results of the 
three statistical approaches. Finally, we estimated patient-level regression models with FQHC 
fixed effects and ran organization-level configurational comparative analyses to identify 
organizational characteristics associated with preventable hospital utilization.  
Results. Across all model specifications in this study sample, we found that FQHC 
patients had a significantly higher probability of preventable hospital utilization when compared 
to patients accessing primary care services from non-FQHC providers. We identified variation in 
the absolute rankings of FQHC organizations across performance classification methodologies, 
but the organizations comprising the top- and bottom-performance quartiles remained 
consistent. We demonstrated that the geometric mean could be used to estimate an overall 
performance ranking across methodologies. Finally, we found that patients utilizing FQHCs with 
a broader scope of non-medical services and more of certain non-medical services staff were 
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more likely to experience preventable hospital use even after controlling for patient 
characteristics. However, these results were associated with significant limitations. 
Conclusions. The differential effect of FQHC use may be driven by higher emergency 
department utilization among FQHC patients, as this comprised the majority of hospital use 
among pediatric asthma patients in this study. Patients using FQHCs with a broader scope of 
non-medical services and more of certain types of non-medical services staff were more likely to 
have preventable hospital utilization, but these organization-level factors do not reflect patient-
level utilization of services. Children may be accessing non-medical services in FQHCs less 
frequently than adults, for example. Future research should incorporate FQHCs’ electronic 
health record data and qualitative interviews to best identify organization structures and 
processes associated with performance. This research also underscores the need for 
policymakers and payers to incorporate encounter-level data on non-medical services in claims 
submissions in order to better measure the effect of non-medical services on health care costs, 
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CHAPTER ONE: INTRODUCTION 
Overview of the Federally Qualified Health Center Program 
Federally qualified health centers (FQHCs) represent the largest network of independent 
primary care practices serving vulnerable populations. Of the roughly 26 million patients served 
in FQHCs in 2016, more than 90% had incomes below 200% of the federal poverty line, more 
than 60% were racial/ethnic minorities, and nearly 25% were uninsured.1 Because they 
predominately care for low-income and uninsured patients, FQHCs are uniquely positioned to 
make substantial improvements to the health of these vulnerable groups. Researching 
successful FQHC models can help improve population health and may have the potential to 
reduce health care costs and utilization. 
FQHCs’ focus on vulnerable populations is driven in part by the federal regulations 
governing the program. The FQHC program is administered by the Bureau of Primary Health 
Care, part of the Health Resources and Services Administration in the US Department of Health 
and Human Services. To receive the FQHC designation, facilities must be located in medically 
underserved areas or serve medically underserved populations.2 The FQHC designation 
confers certain financial benefits (e.g., grant money to offset some of the costs of caring for the 
uninsured) in exchange for complying with a series of program requirements related to 
governance, services and operations, and financial management.3 For example, FQHC program 
requirements stipulate that facilities provide access to comprehensive primary care services 
including physical and behavioral health services, as well as dental and pharmacy services.  
FQHCs also have to provide enabling services, which encompass non-clinical services like case 




Two other program requirements are key features of the FQHC model: serving all 
patients regardless of ability to pay and operating under a patient-majority governing board.4–6 
Serving all patients regardless of ability to pay ensures access to primary health care for 
everyone, and maintaining a patient-majority board is intended to ensure that the FQHCs are 
guided by and responsive to community needs.7 Because of these federal requirements, the 
FQHC primary care delivery model is markedly different from most other primary care providers.  
The FQHC primary care model has benefited patients utilizing these clinics. In fact, 
previous research found that compared to other practice settings, FQHCs attenuated 
racial/ethnic disparities in clinical outcomes,8 had equivalent or better ambulatory care quality 
measures,9 reduced preventable hospitalizations and ED visits,10–12 and lowered annual health 
expenditures13–16 despite serving more vulnerable patients.17 Other studies exploring area-level 
effects of FQHCs found that increased FQHC density (sites per 100 square miles) and 
increased funding for FQHCs (funding per person living in poverty) were associated with lower 
ED utilization and greater utilization of office-based care for low-income and uninsured patients 
in the community.18,19  
However, little evidence exists identifying the mechanisms by which FQHCs are able to 
improve patient outcomes and reduce costs and unnecessary utilization in their patient 
population. Identifying factors associated with successful FQHC care delivery models can 
provide insight into how to address the Triple Aim of health care for vulnerable groups: better 
population health, better patient experience and lower health care costs.20   
Factors Associated with Organization Performance 
Previous studies of FQHC characteristics associated with performance have been 
inconclusive, finding heterogenous effects of across clinical quality performance measures.8,17 In 
one study, Shi and colleagues17 measured FQHC performance using six clinical quality 
indicators, each of which reflected primary care management processes. The researchers 
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estimated logistic regression models using one year of data to predict membership in the top 
performance quartile as a function of various organization-level measures. The researchers 
found no consistent relationships between FQHC organizational characteristics and 
performance across the various clinical quality measures, indicating a need for additional 
research. More definitive research findings could promote the replication of successful care 
models both within the FQHC program and across other providers caring for vulnerable 
patients.  
In a mixed methods study, Gurewich and colleagues21 identified operational practices 
associated with high-performing FQHCs. To identify the high performers, Gurewich and 
colleagues utilized Medicaid claims to estimate organization performance on six quality of care 
measures and two cost-related measures. The regression models included FQHC fixed effects 
to account for unobserved organization-level factors affecting performance and controlled for 
patient demographic and clinical characteristics, as well as months of Medicaid enrollment. 
Following the quantitative analysis, they interviewed staff from the high-performing FQHCs to 
identify common operational practices and systems. The interviews identified four program 
elements characterized by fourteen operational practices. The program elements and examples 
of the associated operational practices included: facilitating access to care through extended 
operating hours or wait-time reduction strategies; managing referrals through a centralized 
system and patient tracking; supporting providers and patients through care teams and decision 
support tools; and monitoring/initiating performance improvement through organization-level and 
provider-level quality measures and performance incentives.  
Importantly, Gurewich and colleagues noted variation in how services were structured 
and delivered across FQHCs—there was no “one size fits all” model for FQHCs.21 Instead, they 
found that FQHCs’ operational differences “appear to reflect variations in the local conditions in 
which individual [FQHCs] operate, including the patient population served, resource availability, 
and provider preferences.”21(p455) In other words, the services provided in an FQHC may depend 
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on both the needs of the patient population but also whether other community resources are 
available to meet those needs. Therefore, organizational characteristics associated with 
performance could also vary by organizational context. For this reason, methodological 
approaches are needed to distinguish organizational characteristics associated with 
performance in different contexts. 
An organization’s patient mix can also influence performance. Cross and colleages22 
examined private insurance claims to determine how the concentration of high-needs patients 
(patients with two or more chronic conditions) within a practice influenced health outcomes for 
high-needs patients across thirteen utilization, spending and quality measures. They found 
lower spending and utilization but worse quality measures for practices with higher 
concentrations of high-needs patients. The authors hypothesized that providers caring for 
significant proportions of high-need patients might develop specialized approaches and 
expertise to serve their target population. They suggested these practices might be prioritizing 
keeping patients out of the hospital instead of compliance with evidence-based guidelines, 
which could explain the worse quality of care measures but lower spending and utilization for 
practices with high concentrations of high-need patients.22 Because FQHCs are known to 
predominately serve low-income, uninsured and underinsured individuals,1 methodological 
approaches to estimate performance should consider variation in the concentration of high-
needs patients both across FQHCs and in FQHCs relative to other practice settings. For this 
reason, the Bureau of Primary Health Care uses the percent of patients who are uninsured, 
racial/ethnic minorities, homeless and migrant/seasonal farmworkers to assess FQHCs’ clinical 
quality rankings relative to other FQHCs with a similar patient mix.23 
Study Objective and Specific Aims 
The objective of this study is to gain a better understanding of what makes FQHCs 
successful. To that end, this study applies a cross-sectional design to identify organizational 
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characteristics associated with FQHC performance. We use preventable hospital utilization 
(including emergency department or ED visits, as well as observation and inpatient stays) as a 
proxy for FQHC performance, as it is a reflection of the downstream effect of primary care 
management in the health care system.24–27 We hypothesize that a broader scope of services 
and more non-medical services staffing (behavioral health, pharmacy and enabling services 
staff) will be associated with lower preventable hospital utilization rates among FQHC patients. 
Providing a broader scope of FQHC services and staffing greater numbers of non-medical 
services FTEs acknowledges a patient population with medical and non-medical barriers to 
good health and can reduce the likelihood that unmet needs lead to preventable hospital 
utilization by creating a “one-stop shop” for health services.28 
Previous research underscores the importance of non-medical services on improving 
patient outcomes,29–32 particularly among vulnerable patient populations. For example, Vest and 
colleauges32 examined whether utilizing one of five “wraparound services” – behavioral health, 
social work, dietetics, respiratory therapy and patient navigation services – in a large, urban 
FQHC reduced high-cost hospital utilization among adult patients. Using electronic health 
record data, they found a seven-percentage point reduction in hospitalizations (p<.001) and a 
five-percentage point reduction in ED visits (p<.001) following receipt of a wraparound service.32  
FQHCs are required to provide enabling services (e.g., transportation and case 
management) and access to comprehensive primary care services, including behavioral health 
and pharmacy services, but requirements do not stipulate how these services are delivered. In 
fact, the choice of which non-medical, services to provide has been found to vary by 
organizational characteristics. In one study, Wright found that the scope of enabling services 
provided in FQHCs varied according to the number of representative consumers on the FQHC’s 
governing board executive committee.5 In another study, Wells and colleagues33 found that 
patient characteristics influenced both the scope and volume of enabling services provided the 
following year. For example, higher percentages of migrant/seasonal farmworker, homeless, or 
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uninsured patients were significantly associated with both broader scope of services and greater 
volume of enabling services provided in the subsequent year. The authors also found that 
FQHCs with more managed care contracts and more full-time equivalent (FTE) staff in the 
previous year provided both a broader scope and larger volume of enabling services in the 
following year. These studies underscore the need for methodological approaches to account 
for interdependencies among organizational characteristics.  
We organize our research according to the following three aims: 
Aim 1: Estimate the performance of FQHCs in reducing preventable hospital 
utilization relative to other primary care providers. Hypothesis: FQHC patients will have 
lower preventable hospital utilization relative to patients in other primary care settings. In this 
study, we use instrumental variable analysis to account for the endogeneity associated with 
differential patient selection into FQHCs.  
Aim 2: Establish an overall performance ranking for FQHCs based on multiple 
methodological approaches and model specifications commonly used to classify 
performance. Hypothesis: Variation will exist in FQHC rankings across statistical 
methodologies and model specifications. We apply three common statistical approaches for 
estimating performance -- crude rate, hierarchical generalized linear models and fixed effect 
models – and establish an overall ranking using the geometric mean. The rankings from this 
analysis will be used for the configurational comparative analysis in Aim 3. 
Aim 3: Identify organizational characteristics associated with preventable hospital 
utilization among FQHC patients. Hypothesis: A broader scope of services and more non-
medical services staffing will be associated with lower hospital utilization rates. We use both 
regression-based and configurational comparative methods to test this hypothesis. The patient-
level regression models estimate the net effects of FQHC characteristics for the average person 
in the average FQHC. The organization-level configurational comparative analysis identifies 
“typologies” of successful FQHCs by identifying complex conditions associated with high 
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performance. In other words, the econometric analysis indicates which FQHC characteristics 
are significantly associated with the probability a patient experiences a preventable hospital 
visit, while the configurational comparative analysis uncovers the different combinations of 
characteristics that high performing organizations have in common.  
Conceptual Model  
 FQHCs are constructed to be responsive to community needs. A consequence of this 
community-driven health care model is wide variation in FQHC organization design, which is 
reflected in a common saying in the FQHC community: “if you have seen one FQHC, you have 
seen one FQHC.” Because of the variation across FQHCs, research is needed to identify 
organizational characteristics associated with high-performing organizations.  
The conceptual model for this study (Figure 1) is based on structural contingency theory 
and is adapted from Hung and colleague’s study of the effects of contextual and structural 
factors on patient safety.34 Structural contingency theory is a useful conceptual model to explore 
organizational characteristics associated with FQHC performance because it maintains that 
there is no optimal organizational design associated with high performance.35 Instead, structural 
contingency theory holds that organization performance depends on the organization’s 
adaptation to changing external and internal environments.36 The external environment 
encompasses factors that are beyond the control of the organization, while the internal 
environment includes factors that shape work processes and activities within an organization.36 
Organizations can respond to a changing external context by adapting their internal 
environment.37 Organizations can also respond to changes in external and internal 
environments by modifying internal structures and processes in order to achieve “fit” with the 
new context, which encourages better performance.37 Staffing is one example of an internal 
structure influenced by the organization’s external and internal context. 
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Because they serve predominately vulnerable patients, we expect that FQHCs have 
shaped their internal environment, structure and processes to better care for these patients. The 
studies by Gurewich and colleagues21 and Cross and colleagues22 support this notion. Applying 
their reasoning to this research study, FQHCs’ organizational characteristics might vary based 
on the patients and communities served. In particular, we expect that FQHCs tailored their 
scope of services and non-medical services staffing to reflect their patients’ barriers to good 
health with the goals of addressing patients’ unmet needs and helping to improve health 
outcomes. A broad scope of services translates to providing FQHC patients with access to 
behavioral health, pharmacy and enabling services staff. 
As illustrated in Figure 1, Aim 1 estimates variation in preventable hospital utilization – 
including inpatient stays, observations stays, and ED visits – among FQHC and non-FQHC 
patients. These models adjust for external factors and patient characteristics known to influence 
preventable hospital utilization. Aim 2 utilizes the same variables to rank FQHC organizations 
according to their patients’ preventable hospital use. Finally, Aim 3 estimates the relationship 
between organization performance and a variety of internal FQHC organizational 
characteristics. In total, these aims provide insight into how FQHCs reduce preventable hospital 
use among their patient population. Although this study included patient-level analysis models, 
an organizational-level conceptual model was appropriate given the intent to make organization-
level inferences. 
Study Population 
The study population is narrowly constructed to include North Carolina Medicaid-insured 
children with asthma for the following reasons: 
1) At the time of this research, North Carolina was one of the few states yet to implement 
fully capitated Medicaid managed care. (A behavioral health carve-out represents the 
only form of capitated Medicaid managed care in the state.) The lack of Medicaid 
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managed care limits variation in benefit design in the Medicaid program because there 
are no managed care intermediaries to impose their own utilization review or quality 
management systems. 
2) Limited research exists on the effect of FQHC use on pediatric populations, and the 
studies that do exist are limited by imprecise definitions of FQHC use.16,19 One study 
applied area-level measures of FQHC access (sites per 100 square miles and percent of 
low-income children served in FQHCs),19 which could capture other area-level changes 
that might affect health care utilization, such as the availability of non-FQHC providers. 
Another study measured FQHC use using Medical Expenditure Survey data,16 but this 
survey broadly defines “community health centers” as facilities that provide services in 
areas with limited access to care38 which could include other non-FQHC organizations. 
This study also included neighborhood health clinics in the definition of community 
health center use.16 Furthermore, the service locations in the Medical Expenditure Panel 
Survey are based on patient self-report, which could be inaccurate if patients do not 
know whether their primary care clinic is a FQHC or another type of community 
provider.11 
3) Asthma is amenable to primary care intervention: it is one of two pediatric chronic 
conditions1 considered ambulatory care-sensitive,39 and chronic conditions are better 
reflections of ongoing care management and systems of care than are acute conditions. 
According to an algorithm developed by Billings and colleagues to classify emergency 
department (ED) utilization using New York City ED claims, 98% of all emergency 
department visits for asthma were considered emergent but preventable/avoidable,40,41 
meaning that asthma has high face validity as an ambulatory care-sensitive condition. 
Additionally, the evidence-based guidelines for asthma care have remained consistent 
                                               
1 Short-term complications from diabetes represents the second ambulatory care-sensitive pediatric 
chronic condition, but hospital utilization rates for this condition are very low.49 
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over recent years, limiting the “noise” present in the measure of asthma-related hospital 
utilization that could stem from changing practice guidelines.  
4) Asthma is a leading cause of preventable hospital utilization in a pediatric population, the 
cost of which has been estimated to exceed $270 billion in the Medicaid program 
nationwide.42 Nearly 18% of North Carolina children have asthma, and 30% of asthmatic 
children utilized emergency or urgent care because of asthma according to a parent self-
report measure.43 Prevalence and utilization rates are even higher among racial/ethnic 
minority and low-income children.44 Therefore, research identifying organizational factors 
associated with lower asthma-related preventable hospital utilization can have a 
significant impact on population health and health care costs. 
Significance and Policy Implications  
This study has important implications for the development of health care delivery models 
targeting vulnerable patients with asthma. Previous research suggests that low-income and 
uninsured individuals often have worse health outcomes.45,46 Therefore, this study presents an 
opportunity to improve population health and reduce health care costs by identifying successful 
FQHC practice models that could be implemented across the FQHC program and translated to 
other practice settings.  
Understanding the organizational characteristics associated with lower preventable 
hospital utilization among FQHCs is both timely and policy-relevant given the growth of the 
FQHC program47 and ongoing health care payment and delivery system reforms. Recent 
discussions to restrict federal funding and eligibility thresholds for federal health insurance 
programs may cause FQHCs to be an even more significant health care provider for vulnerable 
groups. Furthermore, this research has the potential to guide both federal grant-making and 
policy change within the FQHC program, as well as influence the development of new delivery 
models within the Medicare and Medicaid programs aimed at improving the health of vulnerable 
 
11 
groups. For example, North Carolina’s efforts to reform Medicaid and support the development 
of advanced medical homes48 could be informed by this research.  
The remainder of this dissertation is organized as follows: Chapters Two, Three and 
Four describe each of the three studies that comprise this dissertation. Chapter Five discusses 
the implications of the study findings and proposes directions for future research.   
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Figure 1.1 Conceptual Model Illustrating the Influence of Organization Context, 
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CHAPTER TWO: THE EFFECT OF FEDERALLY QUALIFIED HEALTH CENTER USE ON 
PREVENTABLE HOSPITAL UTILIZATION FOR ASTHMA IN NORTH CAROLINA 
Overview 
Purpose. To estimate the effect of federally qualified health center (FQHC) use relative 
to other sources of primary care on preventable hospital utilization in a population of Medicaid-
insured children with asthma.  
Methods. A cross-sectional analysis utilized North Carolina Medicaid claims from 
January 1, 2013 through September 30, 2015. Instrumental variable analysis using two-stage 
residual inclusion estimated distance from the centroid of the patient’s zip code to the nearest 
FQHC medical clinic to account for differential patient selection into FQHCs. Generalized linear 
models predicted the probability of preventable hospital utilization (inpatient stay, observation 
stay or emergency department visit) for Medicaid-insured children ages 2-17 years with a 
diagnosis of asthma. Sensitivity analyses varied outcome definitions and the method of patient 
attribution to organization/organization types. 
Results. FQHC use was associated with a statistically significant increase in average 
preventable hospital utilization among Medicaid-insured children with asthma across all model 
specifications. The results from main analyses indicated that, compared to children receiving 
primary care from non-FQHC providers, FQHC use was associated with an average one 
percentage point increase in preventable hospital utilization (ED visit, observation stay or 
inpatient stay) with a primary diagnosis of asthma (p<.01) and a nearly three-percentage point 
increase in preventable hospital utilization for any diagnosis of asthma (p<.001).  
Conclusion. FQHC use was associated with an average increase in preventable hospital 
utilization among North Carolina Medicaid-insured children with asthma as compared to children 
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with asthma who received care in other primary care settings. Future research should examine 
processes of care within FQHCs and the availability of non-hospital urgent care resources within 
FQHC service areas to determine why pediatric FQHC patients with asthma are going to the 
hospital more frequently than similar patients in non-FQHCs in North Carolina.  
Background 
Federally qualified health centers (FQHCs) represent the largest network of independent 
primary care practices serving vulnerable populations. Nationwide, FQHCs served 26 million 
patients in 2016. More than 90% of these patients had incomes below 200% of the federal 
poverty line, more than 60% were racial/ethnic minorities, and nearly 25% were uninsured.1 The 
2016 patient population in North Carolina FQHCs was even more underrepresented: of the 
roughly 510,000 patients served, over 40% were uninsured, including 24% of children, and 66% 
of patients represented racial/ethnic minorities.2 Because they predominately care for low-
income and uninsured patients, FQHCs are uniquely positioned to make substantial 
improvements to the health of these vulnerable groups.   
FQHCs’ focus on vulnerable populations is driven in part by the federal regulations 
governing the program. As part of the Health Center Program overseen by the Bureau of 
Primary Health Care, FQHCs must serve all patients regardless of ability to pay. They operate 
under a patient-majority governing board,3 which is intended to ensure that FQHCs are guided 
by and responsive to community needs.4 FQHC program requirements also stipulate that 
facilities provide access to comprehensive primary care services including physical and 
behavioral health services, as well as dental and pharmacy services. FQHCs have to provide 
enabling services, which encompass non-clinical services like case management, outreach and 
transportation meant to address non-medical barriers to good health.5 Because of these federal 
requirements, the FQHC primary care delivery model is markedly different from most other 
primary care providers.  
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Previous research indicates the FQHC primary care model has benefited patients 
utilizing these clinics. FQHCs provide guideline-concordant care at the same rate or more 
frequently than other primary care practices.6,7 Medicaid-insured and uninsured individuals 
utilizing FQHCs are more likely to report having a usual source of care than similar patients in 
other settings,8 and greater primary care access is associated with lower hospital utilization.9,10 
In fact, previous studies indicate that FQHC patients have lower rates of inpatient admissions,11–
14 but the evidence for ED utilization is mixed.7,15,16 Furthermore, Medicaid patients utilizing 
FQHCs have lower total annual health care expenditures than patients utilizing other primary 
care practices.13,17,18 These findings are significant because FQHC patients tend to be sicker, 
poorer and more socioeconomically disadvantaged than patients in other primary care 
practices.6 However, some of these studies comparing FQHCs to other primary care practices 
fail to account for patient selection into FQHCs,11,15,19,20 which could bias study findings.  
Patients utilizing FQHCs may be different from non-FQHC patients in unobservable 
ways, and these differences can affect their health care utilization, spending and health 
outcomes. Previous studies of FQHC performance that incorporated methods to address the 
endogeneity of patient selection into the FQHC utilized either an instrumental variable 
approach18 or propensity score analysis.7,13,17 Propensity score analysis has been more 
commonly utilized in the FQHC literature to account for patient selection into the FQHC, but this 
method can only reduce bias to the extent that unobserved variables do not explain a large 
portion of the variation in FQHC use. For this reason, instrumental variable analysis represents 
a more rigorous methodological approach.  
Previous research on the effect of FQHC use has focused on adult Medicare and 
Medicaid populations.7,13,16,18 Few studies have examined the effect of FQHC use in a pediatric 
population, and these studies are limited by imprecise definitions of FQHC use.12,17 One study 
applied area-level measures of FQHC access,12 which could capture other area-level changes 
that might affect health care utilization. Another study measured FQHC use from the Medical 
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Expenditure Panel Survey data,17 but this survey broadly defines “community health centers” as 
facilities that provide services in areas with limited access to care21 which could include other 
non-FQHC organizations. Additional research is needed to quantify the effect of FQHCs on 
pediatric populations’ health care utilization, cost and outcomes.  
The objective of this study is to generate a causal estimate of the effect of FQHC use on 
pediatric patients’ preventable hospital utilization for asthma. As the federal FQHC program 
continues to expand, understanding the effect of FQHC use on specific population groups is 
important in order to focus quality improvement efforts.  
We chose to focus this study on Medicaid-insured children with asthma in North 
Carolina. At the time of this writing, North Carolina represented one of the few states without 
fully capitated Medicaid managed care, which decreased the “noise” in claims data stemming 
from variation in clinical guidelines and processes across managed care companies. Moreover, 
asthma is a leading cause of preventable hospital utilization in a pediatric population, the cost of 
which has been estimated to exceed $270 billion in the Medicaid program nationwide.22 
According to parent self-report, nearly 18% of North Carolina children have asthma, and 30% of 
this population utilize emergency or urgent care for asthma.23 Prevalence and utilization rates 
are even higher among racial/ethnic minority and low-income children.24  Identifying primary 
care practices associated with lower pediatric asthma morbidity can help reduce health care 
spending and improve child health.  
Methods 
This cross-sectional study estimated the effect of FQHC use on preventable hospital 
utilization rates among Medicaid-insured children with asthma in North Carolina. Preventable 
hospital utilization is a useful measure of organization performance because it represents the 




Our analysis focused on children with asthma because asthma represents the most 
commonly diagnosed chronic condition among children.29 Moreover, asthma is amenable to 
primary care intervention: it is one of two pediatric chronic conditions2 considered ambulatory 
care-sensitive,30 and chronic conditions are better reflections of ongoing care management and 
systems of care than are acute conditions. According to an algorithm developed by Billings and 
colleagues to classify emergency department utilization, 98% of all emergency department visits 
for asthma are considered emergent but preventable/avoidable,31,32 meaning that asthma has 
high face validity as an ambulatory care-sensitive condition. Additionally, the evidence-based 
guidelines for asthma care have remained consistent over recent years, limiting the “noise” 
present in the measure of asthma-related hospital utilization that could stem from changing 
practice guidelines.  
Data Source and Study Sample 
This study analyzed North Carolina Medicaid claims submitted by Medicaid providers to 
receive payment for services delivered from January 1, 2013 through September 30, 2015. 
Claims dated after September 30, 2015 were excluded from the analysis due to the transition to 
International Classification of Diseases, 10th Revision, Clinical Modification (ICD-10) coding and 
unresolved questions regarding the reliability and validity of coding after the transition.33  
All continuously Medicaid-enrolled pediatric patients ages 2-17 years (inclusive) were 
included in the analysis sample beginning with the first year (2013-2015) they had a hospital or 
outpatient clinic claim with an asthma diagnosis. Children remained in the analysis sample 
regardless of whether they had a visit for asthma in a given analysis year if they demonstrated a 
pattern of utilization of care for asthma, i.e., if they had two or more visits for asthma across 
analysis years.  (Roughly 33,000 person-years were excluded from the analysis for having only 
a single visit for asthma over multiple analysis years.)  
                                               
2 Short-term complications from diabetes represents the second ambulatory care-sensitive pediatric 
chronic condition, but hospital utilization rates for this condition are very low.73  
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Asthma diagnoses were identified using International Classification of Diseases, 9th 
Revision, Clinical Modification (ICD-9) codes 493.0-493.92.  Replicating Domino and 
colleagues’ approach, we applied a broad definition of asthma in order to maintain variation in 
the outcome variables.34  
Children were excluded from the analysis sample if they were pregnant or had a 
diagnosis of cystic fibrosis or other respiratory system anomalies consistent with AHRQ’s 
Pediatric Quality Indicator for asthma (n=237,051 claims dropped).35 After exclusions, 
approximately 382,000 person-years representing Medicaid-insured children ages 2-17 years 
with a diagnosis of asthma were eligible for this study.  Analyses were conducted using 
complete case analysis, which dropped approximately 671 (<1%) person-years due to missing 
county-level data.  
Key Variables and Measures  
 Outcome specifications were developed using AHRQ’s Pediatric Quality Indicator for 
asthma. The primary outcome was a binary variable, any hospital utilization with a principal 
diagnosis of asthma. Any hospital utilization encompassed emergency department (ED) visits, 
observation or inpatient stays. Given the increasing frequency of hospital observation stays, we 
felt it important to include this type of hospital utilization in our outcome measures.36–38 ED visits 
represented the majority of hospital utilization, so we modeled a binary indicator for ED visits 
with a principal diagnosis of asthma as a secondary outcome. Although AHRQ’s Pediatric 
Quality Indicator for asthma is specific to inpatient admissions, previous studies applied the 
same definition to ED use.39–41 Secondary model specifications included hospital utilization with 
any diagnosis of asthma – i.e., if asthma was included in any one of the ten diagnosis claim 
fields.  
To avoid double-counting claims representing a single hospital visit, we prioritized 
utilization according to how “far” a patient went in the hospital (either the same hospital or a 
transfer hospital) in decreasing order of severity: inpatient stay (regardless of whether it initiated 
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in the ED), followed by an observation stay, and finally an ED visit that resulted in a discharge. 
In other words, a visit to the ED counted only if the patient did not also have an observation or 
inpatient stay during the same visit.   
Sensitivity analyses modified the outcome definitions and modeled hospital utilization 
after a “washout” period. To create a washout period, we excluded patients’ hospital utilization if 
it occurred within 60 days of their first visit to their attributed practice each year. As a 
consequence, hospitalizations in the first two months of each calendar year were censored, 
which could bias the results downward. 
Key explanatory variable. The key explanatory variable was a binary indicator for FQHC 
versus non-FQHC patient. Organizations were identified as FQHCs in Medicaid claims using 
any of the following identifiers: FQHC taxonomy code, taxonomy qualifier code (provider type 
and specialty code), place of service code, and billing provider National Provider Identifier (NPI) 
after an organization name-based search using CMS’s National Plan & Provider Enumeration 
System (NPPES). To the extent possible given data constraints, this approach mirrored the 
recommended approach for identifying rural health clinics in claims data.42  
Non-FQHC organizations were restricted to primary care practices and were identified 
using rendering provider (when available) and billing provider taxonomy codes, as well as 
primary care-specific Current Procedural Terminology codes, an approach applied in previous 
research.18 Current Procedural Terminology codes classified as primary or preventive services 
in the Affordable Care Act or by the American Academy of Pediatrics were used to identify 
primary care services. A list of these codes can be found in Appendix A.  
To be considered a primary care practice, non-FQHC organizations’ taxonomy code on 
claims had to indicate a primary care provider, and they had to bill at least one primary care 
service code. Organizations enrolled in Community Care of North Carolina (CCNC), North 
Carolina’s primary care case management and medical home program, that billed at least one 
primary care service code were also considered to be primary care practices.  
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Patients were attributed to either a FQHC or non-FQHC organization based on where 
they received the plurality of their primary care each year (determined by billing provider NPI). 
Attributing patients to practices based on where they received the plurality of primary care 
services has been utilized in previous research19,42 and by the Centers for Medicare & Medicaid 
Services for Accountable Care Organizations.44 If patients had the same number of primary care 
visits to more than one primary care organization, patients were attributed to the organization 
with the latest visit chronologically in that calendar year.44 Patients without a primary care visit 
during the calendar year were assigned to the organization where they received the plurality of 
primary care services the previous year. (No observations were dropped because of a lack of a 
primary care visit in the current or prior year.) Attributing patients to a specific organization 
reflects the value of having a regular source of care for patients with chronic conditions;45,46 the 
place where patients receive most of their primary care should have the greatest influence on 
their outcomes.   
FQHC Look-Alikes, a sub-category of FQHCs, were not eligible organizations for patient 
attribution because these organizations are sufficiently different from both federally-funded 
FQHCs and non-FQHC practices. Unlike grant-funded FQHCs, FQHC Look-Alikes do not 
receive federal grant dollars to support care for the uninsured and often serve a greater 
proportion of publicly- or privately-insured patients. They are sufficiently different from non-
FQHC private practices because they receive additional resources and technical support from 
state Primary Care Associations. Only two FQHC Look-Alikes existed in North Carolina during 
the study period.  
Sensitivity analyses varied the method of patient attribution. In one analysis, patients 
were attributed to a practice based on their Community Care of North Carolina (CCNC) medical 
home assignment – a policy-relevant attribution method for North Carolina. Among attributed 
patients who also had a CCNC medical home (about 98% of the sample), roughly 22% had a 
CCNC medical home assignment that did not align with where these patients received the 
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plurality of primary care services. Covariates that depended on practice attribution (e.g., 
continuity of care, number of Medicaid-insured children with asthma served) were recalibrated 
using the CCNC medical home practice.  
An additional sensitivity analysis attributed patients to a practice type – FQHC or non-
FQHC – instead of a specific practice. The attribution was based on whether the patients ever 
used an FQHC for primary care in the analysis year, the weakest definition for being an FQHC 
patient. A final sensitivity analysis utilized a lagged attribution in which hospital utilization was 
estimated using the prior year’s attribution to a FQHC or non-FQHC organization; this method 
excludes the first year of  claims data (2013). We also applied a lag to the instrumental and 
organization-level variables for this analysis. This lagged analysis was based on the assumption 
that the prior year’s source of care might better explain the current year’s hospital utilization.  
For each of the four sensitivity analyses modifying the outcome definition and method of 
patient attribution, we compared the 95% confidence intervals around the estimated average 
differential effect of FQHC use to determine whether there were meaningful differences across 
the various model specifications.   
Patient selection into the FQHC is likely endogenous – unobserved variables affect both 
whether a patient utilizes an FQHC and preventable hospital utilization rates. We applied an 
instrumental variable, distance from the centroid of a patient’s zip code to the nearest FQHC 
medical care delivery site (based on mailing address), to account for patient selection into an 
FQHC practice. Distance from patient zip code to the nearest FQHC has been used 
successfully as an instrument in previous research.18   
Other model covariates. All models adjusted for the following covariates based on prior 
research indicating an association with preventable hospital utilization or FQHC selection: 
patient age, race/ethnicity, sex, number of months in calendar year enrolled in Medicaid, rural 
residence (Rural-Urban Commuting Area code >=4), an indicator for whether the patient utilized 
specialty care for asthma (relevant taxonomy codes included in Appendix A), an interaction 
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between rural residence and specialty provider utilization, total number of primary care visits to 
any provider, the number of comorbidities identified using the Agency for Healthcare Research 
and Quality’s Chronic Condition Indicator (CCI)47, and continuity of care as defined by Breslau 
and Reeb’s Usual Provider of Care measure.48  
We include a binary indicator for whether the patient utilized specialty care for asthma in 
a calendar year because FQHC patients are known to have limited access to specialty care.49 
The CCI defines chronic conditions as lasting 12 months or more and associated with either 
limitations to self-care or ongoing interventions with medical devices.47 Breslau and Reeb’s 
Usual Provider of Care measure was developed for a pediatric research study and is defined as 
the proportion of primary care visits with the attributed organization in a calendar year.  
Sensitivity analyses varied both the measure of patient acuity and the continuity of care 
definition. Measuring patient acuity in a pediatric population is complicated by relatively low 
morbidity and mortality rates, utilization of non-traditional health care sites like school-based 
health clinics, and different application of diagnoses, drugs and procedures in pediatric 
populations than adult populations.50 Therefore, it was important to test for the robustness of 
results under different measures of patient acuity. As an alternative specification for patient 
acuity, Clinical Classification Software (CCS) diagnosis groups associated with the following 
asthma comorbidities were included in regression models as individual dummy variables: 
obesity (CCS 3 - Endocrine; Nutritional; and Metabolic Diseases And Immunity Disorders), 
mental illness (CCS 5 – Mental Illness), and atopic dermatitis (CCS 12 – Skin and 
Subcutaneous Tissue Infections).47,51 Including the CCS category inclusive of allergic reactions 
(CCS 17 - Symptoms; signs; and ill-defined conditions and factors influencing health status), 
another co-occurring condition complicating asthma management,52 created problems with 
model convergence.  
To test an alternative definition of continuity of care, we constructed a modified Wolinsky 
Continuity53 measure. Using two years of data (current year and prior year), we determined 
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whether patients had at least one primary care visit every six months to their current-year 
attributed provider to align with the American Academy of Pediatrics’ recommendation for visit 
frequency for children with controlled asthma.54 The first visit served as the index visit. The 
models applying this modified Wolinsky Continuity measure also included a variable measuring 
the number of months enrolled in Medicaid over a two-year period.  
We also ran models without the utilization covariates – any specialty provider utilization 
for asthma in the calendar year and total number of primary care visits in the calendar year – 
and found qualitatively similar results to the main model specification in effect size, direction and 
significance.  
Using the patient’s modal county of residence – where the patient lived for most of the 
calendar year – we included several county-level measures to account for area-level influences 
on health: the percent of population living below the federal poverty line, median household 
income and air quality measured as fine particulate matter concentration (annual PM2.5 level). 
Poverty and income data were from the U.S. Census Bureau’s Small Area Income and Poverty 
Estimates, and air quality data were from the CDC’s National Environmental Public Health 
Tracking Network. The percent of the population living below the federal poverty line has been 
found to be a valid proxy for area-level socioeconomic deprivation.55,56 The county-level air 
pollution measure adjusted for area-level environmental factors affecting hospital utilization. 
Maps from the NC Rural Health Research Program suggested area-level variation in ambulatory 
sensitive hospital admissions for asthma.57 Hereafter, these covariates are referred to under the 
larger umbrella of patient-level characteristics. 
Regression models also adjusted for the number of Medicaid-insured children with 
asthma served in each attributed organization, as every additional Medicaid-insured pediatric 
patient served may generate greater provider and organization expertise in caring for this 
patient population. (An additional robustness check included a quartile ranking representing the 
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number of Medicaid patients with asthma served by the practice relative to other organizations 
in a given year.) Models also included year fixed effects to account for secular time trends.  
Analytic Approach 
 Unadjusted differences between FQHC and non-FQHC patients were examined using 
chi-square tests for categorical and binary variables and t-tests for continuous variables.  
We estimated multivariate regression models using generalized linear models (GLM) with a 
binomial family and a logit link given the distribution of the outcome variables. We explored 
using generalized estimating equations to account for the correlation of observations for the 
same patient across analysis years (n<=3); however, an independent correlation structure was 
associated with the lowest quasi-likelihood under the independence model criterion (QIC) and 
thus the best-fitting model. Because an independent correlation structure is equivalent to a 
pooled model, we applied GLMs. Differences in average marginal effects between GLM and 
GEE models ranged between 0.02- 0.4 percentage points, which translated to an average 
hospital utilization rate of 8.18-8.20% with a principal diagnosis of asthma and an average 
hospital utilization rate of 22.8%-23.2% with any diagnosis of asthma.  
We assessed model specification by adding one additional quadratic term at a time to 
the models and examining the z-statistic on the quadratic term to determine statistical 
significance. These tests indicated the following quadratic terms were significant (p<.05) and 
therefore should be included in the models: quadratic terms for age, continuity of care, percent 
of county living in poverty and county median household income.   
Instrumental variable analysis with two-stage residual inclusion (2SRI) was used to 
model non-random patient selection into the FQHC. Relative to 2SRI, bivariate probit models 
are associated with lower bias in average treatment effect estimates in samples with similar 
treatment and outcome rates.58 However, model convergence was not achieved with bivariate 
probit, so we opted to apply 2SRI. 
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Using 2SRI, the endogenous FQHC indicator was regressed on the instrumental 
variable – distance from the centroid of the patient’s zip code to the nearest FQHC – and the 
other covariates. This first-stage regression is specified below: 
Pr	(%&'()*+ = 1) = 	/ +	123456789:)+ +	1;<764:86)+ + 1=>?@784A764B8*+ + 1CD:7?+ +	E)*+ 
 
where Distance represents the instrumental variable, Patient represents the series of patient-
level covariates, Organization represents organization-level covariates, and Year represents 
year fixed effects. We estimated Pearson residuals after this first-stage model and included the 
residuals (Stage1residuals) in the second-stage outcome estimation model to control for the 
endogeneity of patient selection into the FQHC. After bivariate probit, 2SRI with Pearson 
residuals has the lowest bias in average treatment effect estimates in samples with similar 
treatment and outcome rates.58 The second-stage regression model is specified below:    
Pr	(D)*+ = 1) = 	/ +	12%&'()+ +	1;F67@:1?:54GH7I5)*+ + 1=<764:86)+ + 1C>?@784A764B8*+
+ 1JD:7?+ +	E)*+ 
where D)*+ is the patient-level outcome variable (person-year hospital or ED utilization) and 
%&'()+ indicated whether the patient received the majority of primary care services in an FQHC.  
Instrumental variable tests for endogeneity and strength passed accepted thresholds:  
Durbin-Wu-Hausman tests for endogeneity59 using a linear model specification rejected 
exogeneity of the FQHC variable in all models (p<.001 for models predicting any hospital 
utilization and ED utilization with a principal diagnosis of asthma; p<.05 for any hospital 
utilization with any diagnosis of asthma and ED utilization with any diagnosis of asthma.) After a 
logistic regression, distance to the nearest FQHC was associated with a Wald statistic of over 
5700 (p<.001); the strength of the instrument far exceeded the recommended statistic of 10.60   
Average marginal effects were estimated for model covariates, and bootstrapped 
standard errors (500 replications) accounted for the additional estimation of a two-stage model. 
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Bootstrapped standard errors were clustered at the patient-level to account for repeated 
observations across analysis years. All analyses were performed using Stata version 13.0.  
Results  
Table 2.1 highlights descriptive statistics for the final analysis sample. Roughly 6% of the 
total sample population were attributed to an FQHC organization using the plurality of primary 
care services rule. Bivariate comparisons revealed marked differences between FQHC and non-
FQHC patients (Table 2.1). FQHC patients were more likely to go to the hospital for asthma, 
more likely to represent racial/ethnicity minorities and were less likely to utilize specialty 
providers for asthma. FQHC patients had fewer primary care visits than non-FQHC patients, 
fewer chronic conditions, and lived in communities with higher poverty rates and lower median 
household income. Bivariate comparisons indicated slightly better continuity of care for FQHC 
patients compared to non-FQHC patients (p<.001). 
Average marginal effects with bootstrapped standard errors are presented in Table 2.2 
for the main model specification. Sensitivity analysis results are reported in Appendix B. Across 
all outcome definitions and model specifications, FQHC patients were more likely to utilize the 
hospital for asthma even after controlling for selection bias. Figure 2.1 highlights the differential 
effect estimates and 95% confidence intervals for each of the model specifications.  
In the primary model specification—plurality of primary care services-based attribution 
and hospital utilization with a principal diagnosis of asthma—FQHC use was associated with a 
1.21 percentage point (p<.01) increase in the probability of any hospital utilization (ED visit, 
observation or inpatient stay) and a 1.25 percentage point (p<.01) increase in the probability of 
ED use with a principal diagnosis of asthma as compared to children with asthma attributed to 
non-FQHC primary care providers. This amounted to a hospital utilization rate of 9.4% relative 




The effect size was greater for the models predicting hospital utilization with any 
diagnosis of asthma: FQHC patients were 2.86 percentage points more likely to go to the 
hospital for any reason (p<.001) and 3.11 percentage points more likely to utilize the ED 
(p<.001). These increases translate to a hospital utilization rate of 26.1% relative to the baseline 
rate of 23.2% and an ED utilization rate of 24.1% relative to the baseline rate of 21.0%. It is 
worth noting that ED use comprised the majority of hospital utilization in this analysis sample, 
which is evident in the qualitatively similar average differential effects of FQHC use across the 
models estimating any hospital use and ED use (Model 1 compared to Model 2 and Model 3 
compared to Model 4).  
Even after applying a 60-day washout period to hospital utilization, the differential effect 
of being an FQHC patient was still associated with a higher predicted probability of hospital 
utilization, though the difference between FQHC and non-FQHC patients was smaller relative to 
the main models predicting hospital utilization with any diagnosis of asthma. (The differential 
effects were virtually the same in the models predicting hospital use with a principal diagnosis of 
asthma.) These results are presented in Table B.2 in Appendix B. 
On average, Black race increased the predicted probability of any hospital utilization by 
5.45 percentage points (p<.001) and increased the predicted probability of utilizing the ED by 
4.98 percentage points (p<.001).  Specialty provider utilization and greater continuity of care 
were associated with large and statistically significant increases in the predicted probability of 
hospital utilization with a principal diagnosis of asthma. However, the direction of the effects 
changed in the models predicting hospital utilization with any diagnosis of asthma, and these 
variables were associated with lower hospital utilization. Rural residence and a greater number 
of chronic conditions were associated with an increase in the predicted probability of hospital 
utilization with a principal diagnosis of asthma. The magnitude of these effects increased in 
secondary models predicting hospital utilization with any diagnosis of asthma.  
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Patient attribution robustness checks. To determine whether the results were robust to 
different methods of patient attribution, we ran models in which attribution was based on CCNC 
medical home payment – the practice receiving the per member per month payment to manage 
the care of the patient – as well as models where patients were attributed to FQHCs if they ever 
visited an FQHC for primary care in the analysis year. These models produced results similar to 
the primary analyses in direction and significance, though the effect size associated with FQHC 
use was larger in the CCNC-based attribution models and variable according to principal versus 
any diagnosis of asthma in the ever-FQHC attribution models. The results are presented in 
Tables B.3 and B.4 in Appendix B. 
In the models for which preventable hospital utilization was estimated as a function of 
the prior year’s FQHC/non-FQHC attribution, the differential effect of being an FQHC patient on 
hospital use was 0.2-1.4 percentage points higher in the lagged models than the un-lagged 
models run on the same analysis sample with 2013 excluded (Tables B.5 and B.6 in Appendix 
B). A summary table (Table B.1) containing the differential effect of being an FQHC patient from 
all model specifications is included in Appendix B.  
Other sensitivity analyses. The results were robust to different specifications for the 
number of Medicaid-insured children with asthma served in each attributed provider 
organization, as well as for different measures of continuity of care and patient acuity. Applying 
a quartile ranking for the number of Medicaid-insured children with asthma served in each 
practice was associated with slightly higher preventable hospital utilization rates for FQHC 
patients, but the differences did not exceed 0.3 percentage points and were not clinically 
meaningful. Models estimating a longitudinal measure of continuity of care, the modified 
Wolinsky Continuity53 measure, and models utilizing the alternative specification for patient 
acuity demonstrated qualitatively similar results to the main model specification in direction, 
magnitude and significance of the average differential effect of FQHC use (differences of 0.2 




Across all outcome definitions and model specifications, FQHC patients in North 
Carolina were more likely to utilize the hospital for asthma even after controlling for patient 
selection into FQHCs and other patient characteristics. Differences across model specifications 
were not meaningful; Figure 2.1 highlights the average differential effect estimates and 
overlapping 95% confidence intervals for each of these model specifications. These results 
suggest that there may be unmeasured patient-, organization- or community-level factors 
increasing the probability that FQHC patients use the hospital compared to patients accessing 
primary care from non-FQHC organizations.  
This study’s findings are in contrast to previous research that found FQHC patients had 
lower overall hospital utilization relative to patients utilizing other primary care practices.7,16,43 
Few of these earlier studies examined hospital utilization among Medicaid-insured children, 
however, which could explain the divergent findings. In particular, the magnitude of the FQHC 
effect is largely driven by ED utilization, as children rarely have inpatient stays associated with 
asthma. Furthermore, North Carolina’s Community Care of North Carolina (CCNC) primary care 
case management and medical home model may contribute to better performance among non-
FQHC providers in the state, reducing the magnitude of the effect of FQHCs in this patient 
population. CCNC deploys local case management and care coordination strategies for select 
patient populations and has reduced hospital utilization, lowered costs and improved health 
outcomes.61 Relative to Medicaid managed care enrollees in other states, more CCNC enrollees 
had better process and outcome measures for chronic disease management for diabetes, 
hypertension, asthma and cardiovascular disease.62 Pediatric asthma has been a targeted 
condition for intervention through CCNC,63,64 which may have helped improve quality of care 
among all providers and reduced the effect of FQHCs documented in other states.  
At the same time, this study’s results align with previous research finding higher ED 
utilization among FQHC patients.15,16,65 In three studies examining ambulatory care sensitive 
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hospital utilization among dual-eligible patients, FQHC use was associated with decreases in 
any inpatient hospitalization but increases in ED utilization.15,16,65 Although their study focused 
on spending, Bruen and colleagues17 applied inverse propensity weights and found that children 
utilizing FQHCs had significantly lower overall health care spending than similar children 
utilizing other primary care providers except for ED spending; ED spending for children utilizing 
FQHCs was no different than the spending for similar children utilizing other primary care 
practices.  
Greater ED utilization among FQHC patients may be driven by appointment availability, 
clinic accessibility66 or availability of other non-hospital-based urgent care resources in the 
community. A study of FQHC access in California found increased geographic density of 
FQHCs was associated with significant decreases in ED utilization among Medicaid-insured and 
uninsured children.12 Non-hospital-based urgent care centers are more prevalent in higher-
income communities67 where FQHCs are less likely to be located, which could limit access to 
non-hospital urgent care for patients in FQHC service areas.   
It is important to note that FQHCs’ quality of care may have declined during the analysis 
years because 2013-2015 also represented a period of tremendous growth and organizational 
change in the FQHC program: With funding allocated in the Patient Protection & Affordable 
Care Act of 2010,68 six new FQHC organizations (“new start” organizations) were established 
and 23 new clinic sites were added to existing FQHC organizations in North Carolina from 2013-
2015.69,70 Interestingly, the year fixed effects suggest that the likelihood of preventable hospital 
use declined in 2014 and 2015 relative to 2013 for the entire sample.  
Limitations  
There are several limitations to this study. First, study results may not be generalizable 
beyond Medicaid enrollees in North Carolina given the potential that CCNC influenced patient 
utilization and health outcomes in ways not replicable in other states. Moreover, CCNC might 
have differentially affected hospital utilization in either FQHC or non-FQHC organizations. 
 
35 
Second, the study included only nine months of data for analysis year 2015 given the transition 
to ICD-10 coding; however, analyses adjusted for total months of Medicaid enrollment in a 
calendar year under the assumption that outcomes are linear in the number of months on 
Medicaid (e.g., outcomes for those in Medicaid for 12 months would be twice as high as for 
those in Medicaid for six months). 
Third, FQHCs, because they are reimbursed on a per-visit rather than a per-procedure 
basis, may include fewer diagnosis codes in their claims, underestimating claims-based patient 
acuity.13,19 However, our analysis somewhat mitigated this bias by utilizing both outpatient and 
hospital-based claims for measuring patient acuity.  
Finally, applying a plurality rule for patient attribution ignores the contribution of other 
sources of primary care. However, the place where patients receive most of their primary care 
should have the greatest influence on their outcomes. Roughly 90% of the analysis sample 
utilized their attributed provider for >50% of their primary care visits, so these patients have 
arguably established a regular source of care. 
Conclusion 
FQHC attribution was associated with higher preventable hospital utilization among 
North Carolina Medicaid-insured children with asthma than attribution to a non-FQHC primary 
care practice. This study adjusts for patient acuity, continuity of care and specialty provider 
utilization -- all factors known to be associated with FQHC use or hospital utilization.6,71,72 
Sensitivity analyses that varied the measure of patient acuity and continuity of care suggest that 
these results are robust to different measure specifications. Furthermore, this study’s application 
of instrumental variable analysis accounts for other unobserved patient characteristics 
associated with FQHC use and hospital utilization. As a result, the findings suggest future   
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research should examine processes of care within FQHCs and the availability of non-hospital 
urgent care resources within FQHC service areas to determine why FQHC patients are going to 












N (person-years) 381,723 357,724 23,999  
Unique individuals 178,490 166,706 11,784  
Outcomes     
Any hospital utilization (ED, observation or inpatient) 
with principal diagnosis of asthma, mean % 8.2% 8.1% 9.5% <.001 
ED visit with principal diagnosis of asthma, mean % 7.1% 7.1% 8.6% <.001 
Any hospital utilization (ED, observation or inpatient) 
with any diagnosis of asthma, mean % 23.2% 23.1% 25.4% <.001 
ED visit with any diagnosis of asthma, mean %  21.0% 20.8% 23.8% <.001 
Patient characteristics     
Age, mean (sd) 9.2 (4.42) 9.2 (4.42) 9.3 (4.43) <.001 
Female enrollee, mean %  42.6% 42.6% 43.3% 0.021 
Race/Ethnicity, mean %    <.001 
White, not Hispanic 34.1% 35.3% 16.2%  
Black, not Hispanic 41.7% 41.2% 49.3%  
Hispanic 16.2% 15.5% 27.0%  
Multiple/Other, not Hispanic 3.9% 3.9% 3.3%  
Unknown 4.0% 4.0% 4.2%  
Months of Medicaid coverage in calendar year, mean 
(sd) 10.4 (2.17) 10.4 (2.17) 10.4 0.011 
Rural residence, mean % 29.0% 29.0% 28.5% 0.096 
Specialty provider utilization in calendar year, mean % 12.5% 12.9% 6.8% <.001 
Number of primary care visits in calendar year, mean 
(sd) 5.14 (4.42) 5.22 (4.45) 4.07 (3.63) <.001 




Continuity of care (% of primary care visits with 
attributed organization in calendar year), mean (sd) 0.819 (0.236) 0.818 (0.236) 0.838 (0.224) <.001 
County-level measures     
Percent living under poverty, mean (sd) 18.2 (4.93) 18.1 (4.93) 18.9 (4.98) <.001 
Median household income (in $10,000), mean (sd) 4.65 (0.971) 4.65 (0.972) 4.55 (0.946) <.001 
Annual concentration of air particulate matter, mean 
(sd) 9.9 (0.952) 9.9 (0.955) 9.8 (0.903) <.001 
Attributed provider characteristics     
CCNC-enrolled practice, mean % 95.0% 95.0% 95.6% <.001 
Number of Medicaid patients with asthma served by 
attributed provider organization in calendar year (in 
10,000), mean (sd) 15.0 (8.42) 14.9 (8.38) 16.2 (8.77) <.001 
Year, mean %    <.001 
2013 27.6% 27.5% 29.3%  
2014 36.0% 36.0% 35.9%  
2015 36.4% 36.5% 34.7%  








Table 2.2. Average Marginal Effects of Model Covariates on Preventable Hospital Utilization (Main Model Specification)  
 Model 1 Model 2 Model 3 Model 4 
  
Any hospital utilization 
(ED, observation or 
inpatient stay) with a 
principal diagnosis of 
asthma 




Any hospital utilization 
(ED, observation or 
inpatient stay) with any 
diagnosis of asthma 




FQHC patient  0.0121** 0.0125*** 0.0286*** 0.0311*** 
 (0.00382) (0.00373) (0.00422) (0.00419) 
Age -0.00501*** -0.00354*** -0.00563*** -0.00393*** 
 (0.000148) (0.000132) (0.000204) (0.000190) 
Race/Ethnicity (ref. White. not 
Hispanic)     
Black, not Hispanic 0.0545*** 0.0498*** 0.0683*** 0.0656*** 
 (0.00119) (0.00109) (0.00178) (0.00173) 
Hispanic 0.00449** 0.00324** -0.0416*** -0.0414*** 
 (0.00139) (0.00125) (0.00229) (0.00219) 
Multiple/Other, not Hispanic 0.0105*** 0.00794*** -0.0116** -0.0144*** 
 (0.00255) (0.00236) (0.00418) (0.00402) 
Unknown 0.0111*** 0.00982*** -0.00469 -0.00766 
 (0.00242) (0.00225) (0.00403) (0.00400) 
Female sex (ref. male) -0.00701*** -0.00606*** -0.00157 -0.000556 
 (0.00102) (0.00096) (0.00147) (0.00145) 
Months of Medicaid coverage in 
calendar year -0.000413 6.23E-05 0.000669 0.00174*** 
 (0.000242) (0.000233) (0.000376) (0.000372) 
Rural residence (ref. non-rural) 0.00569*** 0.00671*** 0.0265*** 0.0285*** 
 (0.00139) (0.00129) (0.00215) (0.00208) 
Utilized specialty care for 
asthma 0.0291*** 0.0192*** -0.0194*** -0.0217*** 
 (0.00183) (0.00168) (0.00219) (0.00215) 




 (0.000123) (0.000119) (0.000196) (0.000189) 
Number of chronic conditions 0.00619*** 0.00493*** 0.0473*** 0.0348*** 
 (0.000393) (0.000373) (0.000679) (0.000645) 
Continuity of care in calendar 
year 0.0191*** 0.0151*** -0.0255*** -0.0307*** 
 (0.00324) (0.00308) (0.00465) (0.00466) 
County-level covariates     
Percent of population living 
below federal poverty line 0.00236*** 0.00192*** 0.00044 -0.000341 
 (0.000254) (0.000236) (0.000397) (0.000376) 
Median household income (in 
$10,000) 0.00844*** 0.00532*** -0.00177 -0.00641** 
 (0.00140) (0.00131) (0.00209) (0.00201) 
Annual concentration of air 
particulate matter -8.44E-05 -0.000837 0.00404** 0.00382** 
 (0.000838) (0.000776) (0.00127) (0.00126) 
Number of Medicaid patients 
with asthma served by 
attributed provider organization 
in calendar year (in 10,000) 0.000210*** 0.000160** 0.000521*** 0.000434*** 
 (0.0000599) (0.0000551) (0.0000896) (0.0000857) 
Year (ref. 2013)     
2014 -0.0193*** -0.0177*** -0.0428*** -0.0443*** 
 (0.00186) (0.00174) (0.00266) (0.00261) 
2015 -0.0522*** -0.0452*** -0.0982*** -0.0939*** 
 (0.00176) (0.00162) (0.00278) (0.00268) 
Pearson residual -0.000355 -0.000286 -0.000208 -0.000141 
 (0.000782) (0.000754) (0.000692) (0.000679) 
Observations 381,723 381,723 381,723 381,723 
Bootstrapped standard errors in parentheses. 
*** p<0.001, ** p<0.01, * p<0.05     
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Figure 2.1. Differential Effect of FQHC Use across Sensitivity Analyses and Model 
Specifications 
 
Note: Models 1 and 2 represent any hospital utilization and ED utilization with a principal diagnosis 





















Model 1 Model 2 Model 3 Model 4
Model & Specification
Main specification 60-day washout
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CHAPTER THREE: USING MULTIPLE STATISTICAL METHODS TO GENERATE AN 
OVERALL PERFORMANCE RANKING FOR PREVENTABLE HOSPITAL USE AMONG 
FEDERALLY QUALIFIED HEALTH CENTERS  
Overview 
Performance profiling is used to assess health care organizations’ ability to meet 
utilization, spending, or quality performance benchmarks. Accurately evaluating health care 
organizations’ performance can promote better patient outcomes or help lower costs. Two of the 
most commonly applied statistical methods for estimating performance are hierarchical 
generalized linear models (HGLMs) and fixed effect models. However, previous studies found 
variation in performance classification according to the statistical methodology applied and the 
choice of risk adjusters. No “gold standard” in performance classification exists, so we sought to 
incorporate performance classification results across multiple statistical methods and model 
specifications to generate a more robust performance classification. Data included 2013-2015 
Medicaid claims and data from federally qualified health centers’ (FQHCs) Uniform Data 
System. We applied three different methodologies (unadjusted crude rate, HGLMs and fixed 
effect models) to two model specifications to rank FQHCs according to preventable hospital 
utilization rates for asthma. We then assigned an overall performance ranking using the 
geometric mean of the rankings across the four risk-adjusted models. Our results corroborated 
previous research, finding variation in absolute rankings across methods and model 
specifications. However, the top and bottom quartiles were largely consistent across models; 
over half of the organizations identified as the overall, geometric mean-based top-/bottom-
performers were in the top/bottom performance quartile across all four risk-adjusted methods. 
Therefore, variation in absolute rankings across methods was minimal. Health care organization 
profiling with research or policy applications should examine the influence of methodology and 
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risk adjusters on performance and determine whether results are robust to both methodological 
approach and model specification. Establishing an overall ranking using the geometric mean 
represents one way to incorporate performance classification results across different methods 
and model specifications.  
Background 
Health care organizations are frequently evaluated according to their ability to meet 
certain utilization, spending, or quality performance benchmarks in an effort to reward/penalize 
good/poor performance and to identify opportunities for quality improvement. In particular, 
performance profiling for federally qualified health centers (FQHCs), primary care providers 
serving predominately low-income and uninsured patients, could help identify opportunities for 
quality improvement given the wide variation in care delivery models across FQHC 
organizations.1–3 The goal of this study was to compare the relative performance ranking of 
North Carolina FQHCs.  
A variety of statistical methods exist with which to profile health care organizations, and 
the performance classification results can vary according to the method applied (e.g., one 
method may fail to identify a poor performer, while another method may misclassify an 
organization as a poor performer).4–6 Two commonly utilized statistical methods to estimate 
health care organization performance include hierarchical generalized linear models (HGLMs), 
or mixed effect models, and fixed effect models.4,5,7,8 
Hierarchical models help account for the clustering of patients within organizations and 
the resulting within-organization correlation in outcomes.7–9 HGLMs also incorporate a shrinkage 
estimator, or an empirical Bayes estimator, to help increase the precision of individual 
organization estimates. Shrinkage estimators borrow strength from the distribution of all 
organizations in order to generate an organization-level random effect weighted according to the 
organization’s sample size (patient volume); organizations with smaller volumes are weighted 
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more toward the group mean, while organizations with larger volumes borrow less information 
from the group distribution.10–12 HGLMs are therefore advantageous when variation in 
organization sample size exists and when performance is not assumed to be correlated with 
organization size.12 However, HGLMs can produce biased estimates when the organization-
level random effects are correlated with the covariates included in the model (e.g., when the 
random effects are not independent of organizations’ patient mix).  
Despite this limitation, the Centers for Medicare and Medicaid Services uses HGLMs for 
measuring hospital performance.13 In their view, because HGLMs account for the within-
organization correlation of outcomes and avoid penalizing low-volume hospitals for outcomes 
that may be due to chance, HGLMs better isolate the true, underlying hospital effects.10,13  
Organization-specific fixed effects represent another commonly utilized method for 
classifying organization performance.5,14 Unlike the HGLMs, fixed effect models are not subject 
to the same requirement that the fixed effects be uncorrelated with other model covariates. 
However, fixed effect estimates for organizations with fewer patients (smaller sample sizes) may 
be less precise and may risk misclassifying the performance of these organizations whose 
outcomes may be due to chance.5 CMS uses fixed effect models to classify performance among 
dialysis facilities, likely because these organizations have sufficient patient volume to obviate 
the need for HGLM and shrinkage estimators.13 Fixed effect models are superior to the other 
regression-based method commonly cited in performance classification literature, patient-level 
regression to estimate the observed/expected rate, given the lack of control for unobserved, 
time-invariant factors in the latter model. 
Previous research indicates that the choice of both performance measurement 
methodology and model risk adjusters influence performance classification results. For 
example, Huang and colleagues15 examined patient satisfaction with asthma care to profile 
performance among physician group practices. The authors tested different combinations of 
patient-level risk adjusters (including various sociodemographic, clinical and self-reported health 
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status measures) with three regression-based approaches for modeling performance (ratio of 
observed-to-expected, fixed effects and random effects, or HGLM). The authors then used two 
methods to compare rankings across the various model specifications: 1) Spearman rank tests 
to examine the correlation of an organization’s absolute rankings across the various regression 
models, and 2) weighted kappa statistics to estimate “agreement” in an organization’s quintile 
ranking across the various regression models. The results indicated that choice of patient-level 
risk adjusters was more influential changing in performance classification than choice of 
methodological approach.  
Whether to also adjust health care performance for organization-level socioeconomic 
characteristics has been debated in research and policy circles. Including these organization-
level characteristics may adjust away differences related to the quality of the organization but 
can help reduce confounding between organization case mix and outcomes.13,16 Opponents of 
including organization-level socioeconomic risk-adjusters argue that the models could indirectly 
justify worse-quality care for certain socioeconomic groups.16 Therefore, it is important for 
researchers, policymakers and payers to examine the choice of both model covariates and 
analytical approach in health care performance profiling.  
Using the same three regression-based methods as Huang et al. – the ratio of observed-
to-expected, fixed effects and HGLM – Ding and colleagues6 used simulated data to compare 
the predictive accuracy of the three regression approaches to identify providers exceeding a 
performance threshold. They varied values for patient volume, size of practice, patient case-mix 
and between-provider variability and calculated the sensitivity, specificity and root mean 
squared error of the different statistical approaches. Overall, they found the HGLM approach 
slightly outperformed the other methods, but the accuracy of the classification methods 
depended largely on between-provider variability in performance. Thus, the choice of the 
“optimal” analytical approach can also depend on variation in key variables in the model.   
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Austin, Alter and Tu5 used Monte Carlo simulations to test whether fixed effect or 
random effect (HGLM) regression models were more accurate in identifying outlier hospitals for 
risk-adjusted mortality rates. They estimated sensitivity, specificity and positive predictive value 
to assess the accuracy of the two classification measures. The authors found that the HGLMs 
had greater specificity (ability to identify true negatives) and positive predictive value relative to 
the fixed effect models when they assumed a normal distribution for the outcome. Fixed effect 
models, however, exhibited higher sensitivity (ability to identify true positives) than HGLMs. 
They attribute the low sensitivity of HGLMs to the shrinkage estimator that pulls estimates for 
smaller organizations toward the mean. A study of New York hospital performance by Racz and 
Sedransk4 corroborates the finding that random effects models are more conservative and 
identify fewer outliers, especially among low-volume organizations.  
Decisions around which ranking methodology to utilize may depend on variation in key 
variables in the analysis model,6 the underlying purpose for the performance ranking, and the 
risk associated with mis-identifying health care organizations as either high-performing or low-
performing organizations.5,14  
Given the limitations associated with HGLMs and fixed effect models and the risk 
associated with mis-classifying organization performance, we did not want to use a single 
performance classification methodology. Additionally, we were concerned about variation in 
results stemming differences in covariate selection. For these reasons, we generated an overall 
performance ranking that would incorporate the results from different performance classification 
methodologies and risk adjusters. This analysis did not seek to conduct hypothesis tests on the 
results or to identify statistical outliers in performance. Rather, we aimed to rank organizations 
relative to one another. For this reason, we did not report uncertainty estimates for the 
respective methods. Even so, this approach may be useful to policymakers, researchers and 
payers interested in identifying best practices in top-ranked organizations and pitfalls in the 
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lowest-ranked organizations. Moreover, an overall performance ranking may engender greater 
confidence in the results of individual performance classification methods. 
Methods 
This cross-sectional study applied three different methodologies to rank North Carolina 
FQHCs according to preventable hospital utilization rates for Medicaid-insured children with 
asthma. Preventable hospital utilization, including emergency department (ED) visits, 
observation stays and inpatient stays, is a useful measure of organization performance because 
it represents the downstream effect of primary care management of chronic conditions in the 
health care system.17–20  
Our analysis focused on children with asthma because asthma represents the most 
commonly diagnosed chronic condition among children.21 Moreover, asthma is amenable to 
primary care intervention: it is one of two pediatric chronic conditions3 considered ambulatory 
care-sensitive,22 and chronic conditions are better reflections of ongoing care management and 
systems of care than are acute conditions. Asthma is also a leading cause of preventable 
hospital utilization in a pediatric population, the cost of which has been estimated to exceed 
$270 billion in the Medicaid program nationwide.23  
Furthermore, asthma prevalence and hospital utilization rates are higher among 
racial/ethnic minority and low-income children.24 Because FQHCs predominately serve low-
income, racial/ethnic minority, uninsured and underinsured communities,25 FQHCs are an ideal 
setting in which to study quality of asthma care management.  
Federally-funded FQHCs receive grant dollars to help offset the cost of caring for 
uninsured patients and, in exchange, agree to comply with a series of program requirements. 
For example, FQHCs must serve all patients regardless of ability to pay and provide access to 
                                               
3 Short-term complications from diabetes represents the second ambulatory care-sensitive pediatric 
chronic condition, but hospital utilization rates for this condition are very low.47  
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comprehensive primary care, including medical, dental, behavioral health, pharmacy and non-
clinical support services, also known as enabling services (e.g., interpretation, transportation 
and outreach). Identifying primary care practices associated with a reduction in pediatric asthma 
morbidity can help lower health care spending and improve child health.  
Analytic Approach 
We estimated five models across three different statistical methods to assess 
differences in FQHC performance rankings. The three methods included: 1) the crude utilization 
rate (observed utilization/eligible population), 2) HGLMs, and 3) generalized linear models 
(GLMs) with FQHC fixed effects. FQHC performance was determined using the ratio of 
observed utilization/eligibility population in the crude model, the predicted rate of 
utilization/expected rate of utilization in HGLMs, and the estimated individual FQHC fixed effects 
in the GLMs. The purpose of estimating the five models using three different methodologies 
outlined in Table 1 was to assess the robustness of FQHC rankings across statistical methods 
and risk adjusters and to generate an overall performance ranking that incorporated the results 
of the various approaches. 
Method 1: Crude rate. Although this unadjusted method is not commonly used for 
performance profiling in research or practice, we included it as a basis for comparison for the 
adjusted methods. The following formula was used to calculate the crude or unadjusted FQHC-




The numerator and denominator were limited to the patients attributed to each FQHC 
organization.   
Method 2: Hierarchical generalized linear models. We ran HGLMs using mixed-effects 
logistic regression with an unstructured covariance structure for the FQHC random effects to 
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allow for distinct variances and covariances. Models utilizing an exchangeable covariance 
structure generated nearly identical estimates to the unstructured covariance models.  
The hierarchical (multi-level) model with FQHC random effects estimated patient-level 
hospital utilization according to the following equation: 
>,	(?@AB = 1)		 = 	E	+	GHI@	+	GJK'1'/(,+:A + GL?+$,B + GMNOPQA + 	R@A 
where Yipt represented patient-level ED, observation stay or inpatient utilization with a principal 
diagnosis of asthma. Xi  represented a variety of patient-level characteristics associated with 
preventable hospital use in previous studies. A second model also incorporated the percent of 
patients without health insurance at the patient’s attributed FQHC, represented by Uninsured in 
the equation above, to account for organization-level differences in case mix that could affect 
performance. FQHC represented the FQHC-specific random effect, and likelihood ratio tests 
confirmed the presence of a FQHC-specific effect—that the random effects were not equal to 
zero. 
Following the HGLM estimation, postestimation commands calculated each patient’s 
predicted and expected hospital utilization rate. The predicted hospital utilization rate 
incorporated patient- and FQHC-specific effects (both the deterministic portion, IG, and the 
predicted random effect from the hierarchical model). The expected hospital utilization rate for 
each patient incorporated only the deterministic portion of the model, the patient-level covariates 
and year fixed effects, and represented the patient-specific utilization rate if the patient were 
treated in the average FQHC. For the second model including the percent uninsured patients at 
each FQHC, we replaced the percent uninsured with the mean percent for the analysis sample 
before generating the expected prediction. These individual estimates were then averaged for 
each FQHC and combined in order to calculate the predicted/expected rate of preventable 
hospital utilization. The two equations for calculating predicted and expected utilization are 















where Yipt represented the patient-level ED visit, observation or inpatient stay with a 
principal diagnosis of asthma, and GM	represented the predicted FQHC-specific random effects. 
Xi  represented a variety of patient-level characteristics, and np represented the number of 
patients attributed to a given FQHC, p. The ratio of predicted-to-expected utilization illustrated 
how FQHCs performed given their patient mix and FQHC-specific effect relative to the average 
FQHC treating the same patient mix. The decision to use the predicted/expected rate to 
measure FQHCs’ performance reflected current practice applied by the Centers for Medicare 
and Medicaid Services for hospital performance classification.13  
Method 3: Fixed effect models. Here, we estimated patient-level GLMs with a binomial 
family and logit link given the distribution of the outcome variable. (Generalized estimating 
equations did not converge due to small cell sizes of some of the FQHC fixed effect indicators.) 
The following formula describes the approach used to estimate FQHC-level fixed effects: 
>,	(?@AB = 1)		 = 		(E + GrNOPQA) +	GHI@+	GJK'1'/(,+:A +	?+$,B + R@A 
where Yipt represented the patient-level ED visit, observation or inpatient stay, and Gr 
represented the FQHC-specific fixed effect. Xi represented a variety of patient-level 
characteristics. A second model also incorporated the percent of patients without health 
insurance at the patient’s attributed FQHC, represented by Uninsured in the equation above, 
again to account for organization-level differences in case mix that could affect performance.   
Using the individual FQHC fixed effect estimates from the Method 3 regression model, 
FQHCs were ranked relative to the referent FQHC (fixed effect estimate = 0), which was chosen 
to be the FQHC with the largest patient population (Organization 1). Nine FQHCs had negative 
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and statistically significant fixed effect estimates (p<.05), representing lower hospital utilization 
among their attributed patients compared to the referent FQHC.  
Identifying high- and low-performers. Organizations were ranked relative to the 
performance measure for each statistical methodology—observed/eligible for the crude rate, 
predicted/expected for the HGLMs, and individual fixed effect estimates for the FQHC fixed 
effect models. Assigning a ranking based on model outputs standardized units across the three 
ranking methodologies to allow for cross-model comparisons. Z-scores represent another 
method for standardizing units across models,11 but we elected not to utilize z-scores because  
we were not interested in the relative difference in rankings, the primary advantage of using z-
scores over rankings.  
We utilized the 25th and 75th percentile of the various model outputs to identify the 
highest and lowest performing FQHCs for each of the five models. Top-performing FQHCs had 
the lowest rates of preventable hospital utilization (<25th percentile), while the lowest performing 
FQHCs had the highest rates of preventable hospital utilization (>75th percentile).  
The geometric mean, because it is indifferent to the various methods used to generate 
the rankings, was used to assign an overall performance ranking for each FQHC based on the 
rankings from the four risk-adjusted models. We excluded crude rate rankings from the 
geometric mean calculation since these rankings represented unadjusted rates, and substantial 
variation in patient mix across FQHCs likely influenced hospital utilization rates.  
We examined alternative approaches for calculating an overall performance ranking, 
including an all-or-nothing approach11,26 where organizations had to be in the top/bottom quartile 
across all four risk-adjusted methods in order to be considered an overall top-/bottom-performer. 
However, the all-or-nothing approach could discount specific ranking methodologies if, for 
example, the organization was a high performer in all but the HGLMs. Even so, the all-or-




We also generated an overall ranking based on the sum of quintile ranks27 but found this 
approach resulted in a loss of information relative to the organizations’ absolute ranking, 
particularly if organizations were at the high/low end of a quintile. For example, organizations 
could have the same sum of quintile ranks but very different rankings across the methods. For 
these reasons, we felt the geometric mean of the four risk-adjusted rankings represented the 
best approach given that it incorporated all data points but was not as susceptible to outlier 
rankings across methodologies as could occur with the arithmetic mean.  
Data Source and Inclusion Criteria 
Data included North Carolina Medicaid claims from January 1, 2013 through September 
30, 2015 merged with 2013-2015 data from the Uniform Data System, an FQHC-specific 
dataset that is updated annually and includes data on FQHC patient characteristics, staffing and 
utilization, clinical indicators, and financial measures. UDS data are reported at the organization 
level and not the individual clinic site- or individual patient-level. Medicaid claims dated after 
September 30, 2015 were excluded from the analysis due to the transition to ICD-10 coding and 
unresolved questions regarding the reliability and validity of coding after the transition.28  
The analysis sample included continuously enrolled pediatric asthma patients aged 2-17 
years (inclusive) who utilized FQHCs for the plurality of their primary care services. Children 
with asthma were identified using International Classification of Diseases, 9th Revision, Clinical 
Modification (ICD-9) codes 493.0-493.92.  Replicating Domino and colleagues’ approach, we 
applied a broad definition of asthma in order to maintain variation in the outcome variables.29  
Qualifying children were included in the analysis sample beginning the first year (2013-
2015) they had a hospital or outpatient clinic claim with an asthma diagnosis. Children remained 
in the analysis sample regardless of whether they had a visit for asthma in a given analysis year 
if they demonstrated a pattern of utilization of care for asthma and if they remained an FQHC 
patient. Roughly 1,400 person-years were excluded because they had only a single visit for 
asthma across three analysis years (5.21% of the sample). Another approximately 1,000 
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person-years were excluded for having a single asthma visit in the two analysis years those 
individuals appeared in the dataset (3.92% of the sample).  
Diagnosis exclusions included pregnancy, cystic fibrosis or other respiratory system 
anomalies consistent with AHRQ’s Pediatric Quality Indicator for asthma.30 After exclusions, the 
analysis sample included approximately 24,000 patient-years representing roughly 13,300 
FQHC Medicaid-insured children aged 2-17 years with a diagnosis of asthma who were eligible 
for this study.  Analyses were run using complete case analysis; only twenty-seven observations 
were excluded as a result of missing county indicators.  
Key Variables and Measures 
The outcome of interest was a binary variable, any hospital utilization with a principal 
diagnosis of asthma. Any hospital utilization encompassed emergency department (ED) visits, 
observation or inpatient stays. Given the increasing frequency of hospital observation stays, we 
felt it important to include this type of hospital utilization in our outcome measures.31–33 Refer to 
Appendix A for more information on the codes and fields used to identify ED visits and 
observation and inpatient stays. 
To avoid double-counting claims representing a single hospital visit, we prioritized 
utilization according to how “far” a patient went in the hospital (same hospital or transfer 
hospital) in decreasing order of severity: inpatient stay, followed by an observation stay, and 
finally an ED visit. In other words, a visit to the ED counted only if the patient did not also have 
an observation or inpatient stay during the same visit.   
Identifying FQHCs. Organizations were identified as FQHCs in Medicaid claims using 
the following methods: FQHC taxonomy code, taxonomy qualifier code (provider type and 
specialty code), place of service code, and billing provider National Provider Identifier (NPI) after 
an organization name-based search using CMS’s National Plan & Provider Enumeration 
System. To the extent possible given data constraints, this approach mirrored the 
recommended approach for identifying rural health clinics in claims data.34 FQHC Look-Alikes, a 
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sub-category of FQHCs, were excluded from the analysis because these organizations are 
sufficiently different from federally-funded FQHCs.   
Attribution to FQHC organization. Patients were attributed to the FQHC organization 
(billing provider NPI) where they received the plurality of their primary care in a given year. 
Attributing patients to a specific organization reflects the value of having a regular source of 
care for patients with chronic conditions;35,36 the place where patients receive most of their 
primary care should have the greatest influence on their outcomes.  
Attributing patients to organizations based on where they received the plurality of 
primary care services has been utilized in previous research19,42 and by the Centers for 
Medicare & Medicaid Services for Accountable Care Organizations.39 Current Procedural 
Terminology codes defined as primary or preventive services in the Affordable Care Act or by 
the American Academy of Pediatrics were used to identify primary care services. A list of these 
codes can be found in Appendix A. As with the Centers for Medicare and Medicaid Services’ 
Accountable Care Organization attribution methodology, patients who had the same number of 
primary care visits to more than one primary care organization were attributed to the most 
recent organization.39 Patients without a primary care visit during the calendar year were 
assigned to the organization from which they received the plurality of primary care services the 
previous year. After applying other exclusion criteria, no observations were dropped as a result 
of having no primary care services across two years.  
Patient-level covariates. We adjusted for the following patient characteristics in all 
multivariate analyses: patient age, race/ethnicity, sex, number of months in calendar year 
enrolled in Medicaid, rural residence (Rural-Urban Commuting Area code >=4), an indicator for 
whether the patient utilized specialty care for asthma (relevant taxonomy codes included in 
Appendix A), an interaction between rural residence and specialty provider utilization, total 
number of primary care visits to any provider, the number of comorbidities identified using the 
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Agency for Healthcare Research and Quality’s Chronic Condition Indicator (CCI)40, and 
continuity of care as defined by Breslau and Reeb’s Usual Provider of Care measure.41  
Area-level covariates. Using the patient’s modal county of residence – where the patient 
lived for most of the calendar year – we included several county-level measures: percent of 
population living below the federal poverty line, median household income (in $10,000) and air 
quality measured as fine particulate matter concentration (annual PM2.5 level). Poverty and 
income data were from the U.S. Census Bureau’s Small Area Income and Poverty Estimates, 
and air quality data were from the CDC’s National Environmental Public Health Tracking 
Network. The percent of the population living below the federal poverty line has been found to 
be a valid proxy for area-level socioeconomic deprivation.42,43 The county-level air pollution 
measure adjusted for area-level environmental factors affecting hospital utilization. Maps from 
the North Carolina Rural Health Research Program suggested area-level variation in ambulatory 
sensitive hospital admissions for asthma.44 Hereafter, these covariates are referred to under the 
larger umbrella of patient-level characteristics. We included quadratic terms for the number of 
chronic conditions and the percent of the county population living below the federal poverty line 
because the z-statistics on the quadratic terms indicated improved model fit (p<.05).  
Organization-level covariates. We explored FQHC rankings with and without adjustment 
for the percent of patients without health insurance, a reflection of FQHC resources. The Bureau 
of Primary Health Care, the government agency overseeing the FQHC program, risk-adjusts 
FQHC quality metrics using the percent of patients without health insurance, as well as the 
percent of patients who are racial/ethnic minorities, homeless, or migrant/seasonal 
farmworkers.45 They also risk-adjust for whether the FQHC utilizes an electronic health record 
system for reporting via the Uniform Data System versus whether the FQHC conducts manual 
reviews of 70 patient charts for reporting.45 We elected not to mirror BPHC’s organization-level 
risk-adjustment because we did not want to adjust for differences in organizational quality as a 
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result of distinct patient groups, and we felt the electronic health record measure might be a 
mediator of organization quality.  
Results 
Thirty-five FQHC organizations were ranked according to their patients’ preventable 
hospital utilization. One FQHC was excluded from the analysis because it represented only a 
single patient. Two organizations had outlier fixed effect estimates given small sample sizes and 
no hospital utilization among their attributed patients. 
Table 3.2 lists the number of pediatric asthma patients attributed to each FQHC and the 
FQHC-specific unadjusted rate of hospital utilization. The mean unadjusted hospital utilization 
rate across all FQHCs was 10.2% with a range of 0-25.3%.  
Figure 3.1 illustrates the individual FQHC organization rankings by model and 
methodology. The yellow boxes outline performance rankings within a methodology – HGLMs 
and FQHC fixed effect models. Organizations marked with an asterisk indicate the overall top-
/bottom-performers as defined by the geometric mean.  
As depicted in the chart, FQHC rankings within the HGLM estimation method were 
identical; there were no changes in organization rank across the two HGLMs. Relatedly, the 
regression coefficient on percent of patients without health insurance was not statistically 
significant in the HGLM. In contrast, the rankings based on FQHC fixed effects were more 
sensitive to the adjustment for percent of patients without health insurance. Even so, there were 
minimal changes among the top- and bottom-performers across the HGLM and FQHC fixed 
effect methods. FQHCs with smaller patient populations experienced larger fluctuations in 
ranking position across the FQHC fixed effect and HGLM methods (e.g., Organizations 33 and 
35).  
Table 3.3 identifies the highest- and lowest-performing FQHCs according to the ranking 
model and method. Green-highlighted cells indicate the top-performing 25% of FQHCs, while 
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the red-highlighted cells indicate the lowest-performing 25% of FQHCs according to each 
ranking methodology specification. Of the 18 organizations in the top and bottom quartile based 
on the crude rate, 14 (80%) of these organizations were also in the top/bottom quartiles for the 
overall, geometric mean-based rank. Just over half (10 of 18) of the overall top-/bottom-
performing organizations were consistently ranked in the top/bottom quartile across all four 
regression-based models (representing the all-or-nothing performance classification).  
Figure 3.2 displays four graphs of ranking agreement relative to the overall, geometric 
mean-based performance ranking. In order, these graphs represent: (1) ranking agreement 
within the HGLMs, (2) within the FQHC fixed effect models, (3) within the models that adjusted 
for patient characteristics only, and (4) within the models that adjusted for the concentration of 
uninsured patients in a FQHC. Ranking agreement was highest for the two HGLMs relative to 
the other methods, but there appears to be potential misclassification of organizations; some 
organizations classified as overall top-performers were actually more middle-of-the-pack in the 
HGLM models. In the two FQHC fixed effect models, ranking agreement was most consistent 
among the overall top-performing organizations. The HGLM and FQHC fixed effects model with 
only patient-level adjusters also demonstrated reasonable agreement, though the rankings were 
more dispersed among the overall top-performing organizations. Rankings between the HGLM 
and FQHC fixed effect model that included an organization-level adjustment for the concertation 
of uninsured patients were the most inconsistent across models.  
Discussion 
 The goal of this study was to generate relative performance rankings for North Carolina 
FQHCs according to preventable hospital utilization rates for asthma. However, no “gold 
standard” in performance classification exists; the choice of performance classification 
methodology can depend on the type of organization or outcome being profiled (i.e., whether 
low volumes have the potential to skew results) and the goal of the performance classification 
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(i.e., whether the intent is to estimate individual performance, generate relative rankings among 
organizations or estimate the distribution of performance across organizations).14 We 
incorporated rankings across three statistical methods and five model specifications to generate 
a more robust performance classification. A similar approach may be useful for payers, 
policymakers and researchers who are interested in ranking organizations according to 
performance but who are concerned about the limitations associated with the HGLM and fixed 
effect models.  
Comparisons of ranking agreement across the various methods with the overall 
geometric mean corroborated the results of previous studies:4,5 HGLMs were more 
conservative5 and classified some overall top-performing organizations as falling in the middle 
50%. The FQHC fixed effect models exhibited stronger ranking agreement among the top-
ranked organizations. Relative to the model specification with only patient-level risk adjusters, 
the inclusion of FQHCs’ percentage of patients without insurance did not change rankings in the 
HGLM but did affect rankings in the FQHC fixed effect model.  
While variation in FQHC rankings existed across models, the top- and bottom-
performing organizations were largely consistent across each of the five models tested. In fact, 
over half of the overall top-/bottom-performing organizations were ranked in the top/bottom 
quartile across all four regression-based models. We utilized the geometric mean to identify 
overall top-/bottom-performers because it is indifferent to the various methods used to generate 
the rankings. We examined other approaches for classifying overall performance based on 
various models – an all-or-nothing approach and the sum of quintile ranks – but preferred the 
geometric mean for two reasons: 1) it allowed for consideration of all data points in assigning an 





There are several limitations to this study. First, preventable hospital use is arguably a 
crude indicator of health care quality and may be better conceptualized as a “screening tool” to 
flag potential health care quality issues warranting additional research.46 Second, six new FQHC 
organizations were established during the study period, and these new organizations may have 
had smaller patient populations or higher hospital utilization rates. Claims billed by these 
organizations in their first year as an FQHC represented roughly 8% of the total analysis sample 
(n=1,970 patient-years). While the HGLM methodological approach adjusts for the smaller 
patient population through the empirical Bayes estimator, the FQHC fixed effect estimates for 
low-volume organizations may be imprecise given limited data on these organizations. Two 
organizations had outlier fixed effect estimates due to small sample sizes. Both of these 
organizations were ultimately identified as top-performers based on the geometric mean, but 
their ranking might have been skewed by the small sample size within each organization. Third, 
utilizing rankings to standardize performance measures across methodologies disregards the 
relative difference between rankings in a category.11 However, this limitation was less important 
because we aimed to rank organizations relative to one another and identify overall top- and 
bottom-performing organizations; we were not interested in relative differences in performance. 
Finally, the study included only nine months of data for analysis year 2015 given the transition to 
ICD-10 coding; however, analyses adjusted for total months of Medicaid enrollment in a 
calendar year so the results should not be biased downward.  
Conclusion 
 The purpose of this analysis was to identify the group of top- and bottom-performing 
FQHC organizations across multiple performance classification methods, so small changes in 
ranking order across methodologies and models did not affect interpretation of the results. 
Similar to prior research, this study highlighted the degree to which methodology and choice of 
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risk adjusters can influence an individual organization’s performance classification. For this 
reason, health care organization profiling with research or policy applications should consider 
the influence of methodology and risk adjusters on performance classification and determine 
whether results are robust to the methodological approach and model specification. Decisions 
regarding which methodological approach to apply should weigh both the goal of the 
performance classification and whether estimates will be skewed by low-volume organizations 
or outcomes. Establishing an overall ranking using the geometric mean represents one way to 
incorporate performance classification results across different methods and model 
specifications. Future research could utilize an overall ranking to identify characteristics 




Table 3.1. Summary of FQHC Ranking Methodologies 
 
Model 
Adjust for Patient 
Characteristics? 








1 Crude Rate No No No 
Observed/Eligible 
Population 
2 HGLM Logit Yes No Yes, random Predicted/Expected 
3 HGLM Logit Yes Yes Yes, random Predicted/Expected 
4 
GLM Logit with 
FQHC Fixed 
Effects Yes No Yes, fixed FQHC-specific FE 
5 
GLM Logit with 
FQHC Fixed 




Table 3.2. Hospital Utilization by FQHC Organization, 2013-2015  
FQHC ID 
Total # of attributed 
patients with asthma 
Mean rate of hospital utilization with 
a principal diagnosis of asthma 
Organization 1 5,202 11.5% 
Organization 2 88 9.1% 
Organization 3* 38 2.6% 
Organization 4 90 13.3% 
Organization 5 75 10.7% 
Organization 6 222 10.8% 
Organization 7 1,054 10.2% 
Organization 8 1,892 14.2% 
Organization 9 2,835 8.0% 
Organization 10* 269 15.6% 
Organization 11* 43 11.6% 
Organization 12* 1,617 3.5% 
Organization 13* 302 15.2% 
Organization 14 142 4.9% 
Organization 15* 367 16.9% 
Organization 16 118 9.3% 
Organization 17 1,715 9.0% 
Organization 18 1,296 6.6% 
Organization 19* 310 9.0% 
Organization 20* 49 16.3% 
Organization 21* 245 14.7% 
Organization 22* 435 5.7% 
Organization 23* 258 10.1% 
Organization 24 88 6.8% 
Organization 25* 100 6.0% 
Organization 26* 42 0.0% 
Organization 27 198 25.3% 
Organization 28 114 4.4% 
Organization 29 1,799 8.4% 
Organization 31* 101 22.8% 
Organization 32* 1,860 9.0% 
Organization 33* 10 20.0% 
Organization 34 27 11.1% 
Organization 35* 6 0.0% 
Organization 36* 849 2.7% 
1Organizations marked with an asterisk indicate an overall top-/bottom-performing organization based on 
the geometric mean. FQHCs ranked 1-9 were considered in the top quartile, and those ranked 27-35 




Figure 3.1. Variation in FQHC Ranking by Method and Model1 
 
1Organizations marked with an asterisk indicate an overall top-/bottom-performing organization based on the geometric mean. FQHCs ranked 1-9 
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Model 2: HGLM 
Predicted/Expected 
Model 3: HGLM 
Predicted/Expected 










Organization 1 24 17 17 17 26 19 
Organization 2 17 22 22 16 24 21 
Organization 3* 3 6 6 3 5 6 
Organization 4 26 26 26 25 29 25 
Organization 5 21 23 23 24 19 23 
Organization 6 22 24 24 23 30 24 
Organization 7 20 19 19 18 22 18 
Organization 8 27 21 21 21 23 22 
Organization 9 12 8 8 13 10 10 
Organization 10* 30 32 32 29 27 32 
Organization 11* 25 31 31 33 34 34 
Organization 12* 5 1 1 5 3 1 
Organization 13* 29 33 33 30 20 30 
Organization 14 7 13 13 9 13 13 
Organization 15* 32 34 34 31 25 33 
Organization 16 18 20 20 22 12 20 
Organization 17 14 16 16 20 21 16 
Organization 18 10 9 9 14 14 12 
Organization 19* 15 3 3 6 6 4 
Organization 20* 31 27 27 28 33 29 
Organization 21* 28 29 29 27 32 31 
Organization 22* 8 7 7 12 8 8 
Organization 23* 19 28 28 26 31 27 




Organization 25* 9 10 10 7 7 9 
Organization 26* 1 4 4 1 2 2 
Organization 27 35 30 30 32 17 26 
Organization 28 6 11 11 8 11 11 
Organization 29 13 14 14 15 18 14 
Organization 31* 34 35 35 35 35 35 
Organization 32* 16 5 5 10 9 7 
Organization 33* 33 25 25 34 28 28 
Organization 34 23 18 18 19 16 17 
Organization 35* 2 15 15 2 1 5 
Organization 36* 4 2 2 4 4 3 
1Green cells indicate the top-performing 25% of FQHCs, and red cells indicate bottom-performing 25% of FQHCs within a methodology. 
2Organizations marked with an asterisk indicate a top-/bottom-performing organization based on the geometric mean. FQHCs ranked 1-9 were 





Figure 3.2. Ranking Agreement across Four Regression-Based Methods Relative to Overall Performance Ranking 
 
Each graphic represents the ranking agreement across the two methods relative to the overall, geometric mean-based performance ranking. Blue 
circles indicate organizations in the top quartile based on the geometric mean; red diamonds indicate organizations in the bottom quartile based 
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CHAPTER FOUR: ORGANIZATIONAL CHARACTERISTICS ASSOCIATED WITH 
PREVENTABLE HOSPITAL UTILIZATION AMONG FEDERALLY QUALIFIED HEALTH 
CENTERS 
Overview 
Objective. To examine federally qualified health center (FQHC) characteristics 
associated with preventable hospital utilization.  
Data sources/study setting. North Carolina (NC) Medicaid claims data from 01/01/2013-
09/30/2015 for patients attributed to FQHCs merged with 2013-2015 Uniform Data System 
(UDS) data, an FQHC-specific dataset that includes patient characteristics, clinical quality 
indicators, and staffing, utilization and financial measures.  
Study design. This cross-sectional study estimated patient-level generalized linear 
models (GLMs) with FQHC fixed effects. Coincidence analysis (CNA) – a cross-case 
comparative analysis – used organization-level, three-year averages of preventable hospital 
utilization and organizational characteristics to identify complex combinations of characteristics 
associated with high performance.  
Data collection/extraction methods. NC Medicaid claims data were merged with 2013-
2015 UDS data on billing provider (organization) National Provider Identifier.  
Principal findings. Patient-level regression models indicated that a broader scope of 
services and more behavioral health, pharmacy and outreach staff were associated with a 
higher likelihood of preventable hospital utilization with any diagnosis of asthma even after 
adjusting for patient-level characteristics. Organization-level CNA results indicated that having 
more clinic sites and low ratios of outreach/patient and community educator and interpretation 
staff to medical patients was associated with high performance.  
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Conclusions. Both regression and CNA results found certain non-medical services were 
associated with higher preventable hospital utilization and lower organization performance. 
Future studies should include patient-level encounter data from electronic health records to 
better measure the effect of non-medical services on preventable hospital utilization. 
Additionally, future studies should incorporate qualitative interviews to better identify 
organizational structures and processes guiding clinical care and access to non-medical 
services in FQHCs.  
Background 
 Federally qualified health centers (FQHCs) represent a vital part of the primary care 
safety net, providing comprehensive primary care services to predominately low-income, 
uninsured and underinsured individuals living in medically underserved areas.1 FQHCs are 
public or private non-profit primary care organizations that meet certain criteria under the 
Medicare and Medicaid programs and receive federal grant funding through the Health Center 
Program as administered by the Bureau of Primary Health Care.  
The first FQHCs were established during the 1960s as part of the Johnson 
Administration’s War on Poverty.2 The FQHC model of care was based on community-oriented 
primary care where community members accessed and shaped the services provided by the 
FQHC.2 As a result, the first FQHCs provided access to primary medical services, but they also 
developed programs and services meant to address the poverty, unemployment, malnutrition, 
and environmental health issues in the communities where they were located. This model of 
community-oriented primary care still guides how FQHCs deliver services today.  
In fact, there are several unique elements to FQHCs that distinguish their model of care 
from most other primary care practices. First, according to federal regulations, FQHCs must 
serve all patients regardless of ability to pay and maintain a patient-majority governing board.3 
Serving all patients regardless of ability to pay ensures access to primary health care for 
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everyone. Maintaining a patient-majority board is intended to ensure that the FQHCs are guided 
by and responsive to community needs.2,4 Federal requirements also stipulate that FQHCs 
provide access to comprehensive primary care services including physical and behavioral 
health services, as well as dental and pharmacy services.  Additionally, FQHCs have to provide 
enabling services like case management, outreach and transportation meant to address non-
medical barriers to good health.5  
The FQHC model has been found to benefit patients utilizing these clinics. Compared to 
other primary care settings, FQHCs have reduced racial/ethnic disparities in clinical outcomes,6 
achieved equivalent or better ambulatory care quality measures,7 reduced preventable 
hospitalizations and ED visits,8–10 and lowered annual health expenditures11–14 despite serving 
more vulnerable patients.15 However, little evidence exists elucidating how FQHCs have 
facilitated these improvements in their patient population. Identifying factors associated with 
successful FQHC delivery models can provide insight into how to improve the health of 
vulnerable groups.   
Previous studies of FQHC organizational characteristics and organization performance 
have been inconclusive, finding heterogenous effects of FQHC characteristics across 
performance outcomes.6,15 For example, Shi and colleagues15 modeled FQHC performance as 
a function of various organization-level characteristics using six clinical quality indicators, each 
of which reflected primary care management processes. They found that the FQHC 
organizational characteristics associated with performance varied across the clinical quality 
measures, indicating a need for additional research. Furthermore, the study’s limitations 
suggest directions for future research: the authors used a single year of data and thus could not 
account for unobserved, time-invariant FQHC factors influencing performance. Their outcomes 
focused on clinical process measures, but downstream measures of primary care management 
could be better reflections of performance. More definitive research findings could promote the 
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replication of successful care models both within the FQHC program and across other providers 
caring for vulnerable patients.   
Organization performance has also been found to vary by patient mix. Cross and 
colleagues16 examined private insurance claims to determine how the concentration of high-
needs patients (patients with two or more chronic conditions) affected utilization, spending and 
quality indicators for this patient population. They found lower spending and utilization but worse 
quality measures for practices with higher concentrations of high-needs patients. However, their 
study included few organization-level factors that could influence performance for high-needs 
patients.   
Using mixed methods to identify operational practices associated with high-performing 
FQHCs, Gurewich and colleagues17 found variation in how services were structured and 
delivered across FQHCs. They hypothesized that the variation stemmed from FQHCs tailoring 
services to address patient and community needs. For example, an FQHC’s services may 
reflect both the needs of the patient population but also whether other community resources 
exist to address those needs. This hypothesis is corroborated by other FQHC-based 
research.18,19 Wells and colleagues found that the scope and volume of non-medical services 
provided in FQHCs varied by organizational characteristics.18 For example, their analysis 
indicated that higher percentages of migrant/seasonal farmworker, homeless, or uninsured 
patients were significantly associated with both broader scope of services and greater volume of 
enabling services provided in the subsequent year. The authors also found that FQHCs with 
more managed care contracts and more full-time equivalent (FTE) staff in the previous year 
provided both a broader scope and larger volume of enabling services in the following year. In 
another study, Wright found variation in the scope of enabling services provided in FQHCs 
according to the number of representative consumers – the number of patient representatives 
who resembled the FQHC’s patient population – on the FQHC’s governing board executive 
committee.19 As these studies suggest, organizational characteristics associated with 
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performance can also vary across contexts. Therefore, methodological approaches are needed 
that can identify organizational factors or combinations of factors associated with an outcome 
across an array of contexts.   
The purpose of this study was to examine FQHC characteristics associated with 
preventable hospital utilization. We hypothesized that having a broader scope of services and 
more non-medical FTEs would be associated with lower preventable hospital utilization. 
According to structural contingency theory,20 FQHCs will have responded to their internal 
context (serving more vulnerable patients) by modifying their services, structures and processes 
to best meet the needs of their patients. Vulnerable patients are more likely to face social, 
economic and resource barriers to good health, and providing access to non-medical services 
and staff is intended to help address or alleviate some of these barriers.21 
We examined this research question using both regression-based and configurational 
comparative methods (CCMs), mathematical cross-case comparative methods that use Boolean 
algebra to systematically identify logical combinations of conditions that contribute to an 
outcome in a set of data. Applying both regression-based and configurational comparative 
methods helped improve upon previous studies of FQHC organizational characteristics 
associated with performance. For instance, our patient-level regression models incorporated 
multiple years of data and used an outcome reflecting the downstream effect of primary care 
management, preventable hospital utilization. We also incorporated FQHC fixed effects to 
account for unobserved, time-invariant FQHC factors associated with the outcome. While 
previous studies were limited in the number of organization- or patient-level factors included,15,17 
our models estimated a variety of organizational characteristics associated with hospital use 
after adjusting for patient-level factors. We used an organizational-level CCM to model complex 
combinations of conditions associated with performance across contexts because previous 
studies indicated that FQHC services, structures and processes varied by organizational 
characteristics and organization context.17,18 In other words, there might be interdependencies 
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between organizational characteristics, organization context and organization performance. 
Additionally, variation in FQHC organization design suggests that multiple combinations of 
conditions may contribute to performance independently of one another. CCMs are useful when 
outcomes may be explained by combinations of specific conditions that occur together, when 
multiple combinations of conditions produce the same outcome independently of one another, 
and when the preservation of context through case-based analysis is warranted.  
Applying both regression and CCMs helped uncover different mechanisms associated 
with FQHC performance. This is because regression-based approaches measure the net effect 
of the variables for the average case. CCMs, on the other hand, represent a case-based 
analytic method in which observations consist of intact, complex entities (e.g., organizations) 
that are modeled as a whole.22 In other words, the regression analysis indicated which FQHC 
characteristics significantly increased the probability a patient experienced a preventable 
hospital visit holding other covariates constant, while the configurational comparative analysis 
uncovered the different combinations of characteristics that high performing organizations had 
in common across different organizational contexts. Regression analysis focuses on cause-
effect pairs and quantifies the impact of the cause on the effect; CCMs take all potential causes 
of an effect in view and place a Boolean ordering on them, i.e. they determine which causes 
conjunctively and disjunctively bring about the effect. Moreover, configurational comparative 
analysis is largely inductive, allowing sometimes unexpected combinations of conditions to 
emerge. 
It is important to note that we estimated patient-level regression models and ran an 
organization-level configurational comparative analysis for the following reasons: 1) the 
statistical power generated by a patient-level regression model allowed for inclusion of a variety 
of patient- and organization-level covariates, and 2) we wanted to make organization-level 
inferences from the CCM.  
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This paper is presented in three parts. In part 1, we outline the methods and results for 
the regression analysis. In part 2, we describe the configurational comparative analysis and 
results. Because CCMs are relatively new in health services research, we have provided 
additional background on CCMs in Appendix C. In part 3, we summarize the findings and 
identify directions for future research. 
The analysis sample for both the regression-based and CCMs included North Carolina 
Medicaid-insured children with asthma. At the time of this analysis, North Carolina had not yet 
implemented fully capitated Medicaid managed care, which decreased the “noise” present in 
claims data stemming from variation in managed care plans. For example, managed care plans 
may have different utilization review and prior authorization restrictions. We focused on pediatric 
asthma because: there is limited FQHC research in a pediatric population; asthma represents 
the most commonly diagnosed chronic condition among children23 and is a leading cause of 
preventable hospital utilization in a pediatric population;24 and chronic conditions are better 
reflections of ongoing care management and systems of care than are acute conditions. 
Furthermore, asthma morbidity is higher among racial/ethnic minority and low-income children25 
– populations commonly cared for in FQHCs.1 Therefore, FQHCs represent an ideal setting in 
which to study quality of asthma care management. Identifying primary care models associated 
with a reduction in pediatric asthma morbidity can help lower health care spending and improve 
child health.  
Part 1: Regression Analytic Method 
Methods 
Data Source and Inclusion Criteria 
Data included North Carolina Medicaid claims from January 1, 2013 through September 
30, 2015 merged with 2013-2015 data from the Uniform Data System (UDS), an FQHC-specific 
dataset that is updated annually and includes data on FQHC patient characteristics, staffing and 
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utilization, clinical indicators, and financial measures. UDS data are reported at the organization 
level and not the individual clinic site- or individual patient-level. Medicaid claims dated after 
September 30, 2015 were excluded from the analysis due to the transition to International 
Classification of Diseases, 10th Revision, Clinical Modification (ICD-10) coding and unresolved 
questions regarding the reliability and validity of coding after the transition.26  
The analysis sample included continuously enrolled pediatric asthma patients aged 2-17 
years (inclusive) who utilized FQHCs for the plurality of their primary care services. Children 
with asthma were identified using International Classification of Diseases, 9th Revision, Clinical 
Modification (ICD-9) codes 493.0-493.92.  Replicating Domino and colleagues’ approach, we 
applied a broad definition of asthma in order to maintain variation in the outcome variables.27  
Qualifying children were included in the analysis sample beginning the first year (2013-
2015) they had a hospital or outpatient clinic claim with an asthma diagnosis. Children remained 
in the analysis sample regardless of whether they had a visit for asthma in a given analysis year 
if they demonstrated a pattern of utilization of care for asthma and if they remained an FQHC 
patient. Roughly 1,400 person-years were excluded because they had a single visit for asthma 
across three analysis years (5.21% of the sample). Another approximately 1,000 person-years 
were excluded for having a single asthma visit in the two analysis years those individuals 
appeared in the dataset (3.92% of the sample).  
Diagnosis exclusions included pregnancy, cystic fibrosis or other respiratory system 
anomalies consistent with the Agency for Healthcare Research and Quality’s (AHRQ) Pediatric 
Quality Indicator for asthma.28 After exclusions, there were approximately 24,000 patient-years 
representing FQHC Medicaid-insured children aged 2-17 years with a diagnosis of asthma who 
were eligible for this study.  
Key Variables and Measures 
The primary outcome was a binary variable, any hospital utilization with a principal 
diagnosis of asthma. Any hospital utilization encompassed emergency department (ED) visits, 
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observation or inpatient stays. Refer to Appendix A for more information on the codes and fields 
used to identify ED visits and observation and inpatient stays. 
ED visits represented the majority of hospital utilization, so we modeled a binary 
indicator for ED visits with a principal diagnosis of asthma as a secondary outcome. Although 
AHRQ’s Pediatric Quality Indicator for asthma is specific to inpatient admissions, previous 
studies applied the same definition to ED use.29–31 Secondary model specifications included 
hospital utilization with any diagnosis of asthma – i.e., if asthma was included in any one of the 
ten diagnosis claim fields.  
To avoid double-counting claims representing a single hospital visit, we prioritized 
utilization according to how “far” a patient went in the hospital (same hospital or transfer 
hospital) in decreasing order of severity: inpatient stay, followed by an observation stay, and 
finally an ED visit. In other words, a visit to the ED counted only if the patient did not also have 
an observation or inpatient stay during the same visit.   
Sensitivity analyses modified the outcome definitions and modeled hospital utilization 
after a “washout” period. To create a washout period, we excluded patients’ hospital utilization if 
it occurred within 60 days of their first visit to their attributed practice in a given year.   
Identifying FQHCs. Organizations were identified as FQHCs in Medicaid claims using 
the following methods: FQHC taxonomy code, taxonomy qualifier code (provider type and 
specialty code), place of service code, and billing provider National Provider Identifier (NPI) after 
an organization name-based search using CMS’s National Plan & Provider Enumeration 
System. To the extent possible given data constraints, this approach mirrored the 
recommended approach for identifying rural health clinics in claims data.32 FQHC Look-Alikes, a 
sub-category of FQHCs, were excluded from the analysis because these organizations are 
sufficiently different from federally-funded FQHCs.   
Attribution to FQHC organization. Patients were attributed to the FQHC organization 
(billing provider NPI) where they received the plurality of their primary care in a given year. 
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Attributing patients to a specific organization reflects the value of having a regular source of 
care for patients with chronic conditions;33,34 the place where patients receive most of their 
primary care should have the greatest influence on their outcomes.  
Attributing patients to organizations based on where they received the plurality of 
primary care services has been utilized in previous research19,42 and by CMS for Accountable 
Care Organizations.36 Current Procedural Terminology codes defined as primary or preventive 
services in the Affordable Care Act or by the American Academy of Pediatrics were used to 
identify primary care services. A list of these codes can be found in Appendix A. As with CMS’s 
Accountable Care Organization attribution methodology, patients who had the same number of 
primary care visits to more than one primary care organization in a given year were attributed to 
the most recent organization.36 Patients without a primary care visit during the calendar year 
were assigned to the organization from which they received the plurality of primary care 
services the previous year. After applying other exclusion criteria, no observations were 
dropped as a result of having no primary care services in two consecutive years.  
FQHC-level covariates: FQHC characteristics were derived from 2012-2015 UDS data 
and are outlined in Table 4.1. Key variables of interest included FQHC scope of services (a 
count of the number of non-medical services provided by the FQHC measured by whether the 
FQHC reported behavioral health, pharmacy and enabling services staff in the UDS), as well as 
FTEs for behavioral health (mental health and substance abuse), pharmacy, and enabling 
services. The Akaike Information Criterion indicated better model fit when scope of services was 
treated as a continuous rather than a discrete variable.  Enabling services staff encompassed 
case managers, patient and community educators, outreach staff, transportation staff, eligibility 
assistance workers, interpretation and other enabling services staff (primarily care coordinators 
and referral specialists). Including both the scope of non-medical services and the FTEs for 
those non-medical services allowed the model to measure the variation in the outcomes as a 
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result of adding an additional service and an additional FTE (a relative increase in capacity) for 
non-medical services.  
Other FQHC organizational characteristics were included in the models because of a 
documented association with hospital utilization or clinical quality in previous studies, or 
because they represented actionable characteristics for program improvement. These included: 
medical staff FTEs, measures of organization size (number of clinic sites and patients), financial 
resources (operating income, whether the organization represents a “new start”, or newly 
funded FQHC organization in a given year), FQHC patient characteristics, pediatric clinical 
quality measures, and health information technology capabilities. Most measures of health 
information technology capabilities lacked variation across FQHCs, so they were not included in 
the analysis. For example, nearly every FQHC used an electronic health record (EHR) at all 
sites during the study period, and nearly every FQHC utilized the EHR for computerized clinical 
decision support. A variable for patient-centered medical home (PCMH) recognition was only 
available in 2014 and 2015, so we did not include it in the regression-based analysis. 
Patient-level covariates. We adjusted for the following patient characteristics in all 
multivariate analyses: patient age, race/ethnicity, sex, number of months in calendar year 
enrolled in Medicaid, rural residence (Rural-Urban Commuting Area code >=4), an indicator for 
whether the patient utilized specialty care for asthma (relevant taxonomy codes included in 
Appendix A), an interaction between rural residence and specialty provider utilization, total 
number of primary care visits to any provider, the number of comorbidities identified using the 
AHRQ’s Chronic Condition Indicator (CCI)37, and continuity of care as defined by Breslau and 
Reeb’s Usual Provider of Care measure.38 
Sensitivity analyses varied both the measure of patient acuity and the continuity of care 
definition. Pediatric risk adjustment is complicated by relatively low morbidity and mortality rates, 
utilization of non-traditional health care sites like school-based health clinics, and different 
application of diagnoses, drugs and procedures in pediatric populations than adult 
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populations.39 Therefore, it was important to test for the robustness of results using different 
patient acuity measures. As an alternative specification for patient acuity, Clinical Classification 
Software (CCS) diagnosis groups associated with the following asthma comorbidities were 
included in regression models as individual dummy variables: obesity (CCS 3 - Endocrine; 
Nutritional; and Metabolic Diseases And Immunity Disorders), mental illness (CCS 5 – Mental 
Illness), and atopic dermatitis (CCS 12 – Skin and Subcutaneous Tissue Infections).37,40 
Including the CCS category inclusive of allergic reactions (CCS 17 - Symptoms; signs; and ill-
defined conditions and factors influencing health status), another co-occurring condition 
complicating asthma management,41 created problems with model convergence. An individual’s 
CCS diagnoses were defined on an annual basis. 
A modified Wolinsky Continuity42 measure tested an alternative definition of continuity of 
care. Using two years of data (current year and prior year), we determined whether patients had 
at least one primary care visit every six months to their current-year attributed provider to align 
with the American Academy of Pediatrics’ recommendation for visit frequency for children with 
controlled asthma.43 The first visit served as the index visit. The models applying this modified 
Wolinsky Continuity measure also adjusted for number of months enrolled in Medicaid over a 
two-year period. An additional sensitivity analysis modeled total patient encounters in place of 
total patients. 
Area-level covariates. Using the patient’s modal county of residence – where the patient 
lived for most of the calendar year – we included several county-level measures: percent of 
population living below the federal poverty line, median household income (in $10,000) and air 
quality measured as fine particulate matter concentration (annual PM2.5 level). Poverty and 
income data were from the U.S. Census Bureau’s Small Area Income and Poverty Estimates, 
and air quality data were from the CDC’s National Environmental Public Health Tracking 
Network. The percent of the population living below the federal poverty line has been found to 
be a valid proxy for area-level socioeconomic deprivation.44,45 The county-level air pollution 
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measure adjusted for area-level environmental factors affecting hospital utilization. Maps from 
the North Carolina Rural Health Research Program suggested area-level variation in ambulatory 
sensitive hospital admissions for asthma.46 Hereafter, these covariates are referred to under the 
larger umbrella of patient-level characteristics.  
Analytic Approach 
We estimated patient-level generalized linear models (GLMs) with a binomial family and 
logit link given the distribution of the outcome variables. Standard errors were clustered at the 
individual level to account for correlation across years for the same individual. Models included 
FQHC and year fixed effects to adjust for time-invariant confounders arising from differences in 
FQHC organizations and secular time trends. An examination of the quadratic term z-statistics 
for the number of chronic conditions and county-level median household income indicated 
improved model fit (p<.05). We sequentially tested higher-order terms for other continuous 
variables, but the z-statistics for these quadratic terms were not significant (p>.05). Thus, we 
removed these terms removed from the final model.  
Given the correlation within individuals over time, we prioritized generalized estimating 
equations (GEE) for the analysis. However, the GEE models did not converge with low-volume 
FQHCs included. After excluding organizations with fewer than 50 attributed patients, we 
compared GEE models with unstructured and exchangeable correlation structures to the GLM 
with clustered standard errors to determine whether the models generated qualitatively similar 
results. The estimated average marginal effects were comparable across all three models in 
direction, significance and magnitude with differences at roughly 0.10 of a percentage point.  
All regression analyses were conducted using Stata version 13.0. All analyses were 





Sample means for outcomes and model covariates are depicted in Table 4.2. FQHCs 
offered an average of six non-medical services across their organization clinics. On average, 
FQHCs staffed approximately four behavioral health (mental health and substance abuse) FTEs 
and ten pharmacy FTEs. The most common enabling services staff included case manager and 
eligibility assistance worker FTEs. Transportation FTEs were the least common across FQHCs.  
 The results of the multivariate analyses are reported in Table 4.3. In the primary models 
estimating preventable hospital utilization and ED utilization with a principal diagnosis of 
asthma, neither the scope of services provider nor any of the non-medical services staff had a 
significant effect on the outcome. Serving more low-income patients (incomes <200% of the 
federal poverty level) was associated with a small but significant increase in preventable 
hospital utilization (0.210 percentage points, p<.001) and ED utilization (0.186 percentage 
points, p<.01). An increase in the percent of eligible children receiving weight assessment and 
counseling – one of two pediatric quality measures -- was associated with a small but significant 
decrease in preventable ED utilization with a principal diagnosis of asthma (0.071 percentage 
points, p<.05).  
 The models predicting hospital utilization with any diagnosis of asthma included more 
significant findings for the key variables. For every additional non-medical service offered at the 
FQHC (a 1-unit increase in scope of services), the probability of any preventable hospital 
utilization increased by 3.94 percentage points (p<.01) and the probability of a preventable ED 
visit increased by 4.05 percentage points (p<.01). Similar effects were found for both behavioral 
health and pharmacy FTEs: an additional FTE significantly increased the probability of both any 
hospital utilization and ED utilization by roughly two percentage points. Among the enabling 
services staff, an additional outreach FTE was associated with a two-percentage point increase 
in any preventable hospital utilization (p<.01) and in preventable ED utilization  (p<.01). 
Interpretation and other enabling services FTEs (e.g., care coordinator and referral staff), on the 
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other hand, were associated with decreases in hospital utilization: any hospital utilization and 
ED utilization declined by two percentage points for every additional interpretation FTE (p<.01 
for both any hospital use and ED use). Preventable ED utilization declined by roughly 1.7 
percentage points for every additional “other enabling services” FTE (p<.05).  
 As in the models with a principal diagnosis of asthma, a higher concentration of low-
income patients was associated with a small but significant increase in preventable hospital 
utilization and in preventable ED utilization. A greater number of advanced practice clinician 
FTEs was associated with a two-percentage point increase in preventable hospital utilization 
and in preventable ED utilization (p<.05 for both). Finally, utilizing the electronic health record to 
extract UDS data was associated with a large decline in both preventable hospital utilization and 
ED utilization – a 7.9 percentage point decrease (p<.05) and a 6.6 percentage point decrease 
(p<.05), respectively. 
Sensitivity Analyses 
 The sensitivity analysis applying a 60-day washout period to the outcome variables 
produced similar results to the main models in both direction and significance, though the effect 
sizes were variable across the model specifications. Additionally, pharmacy FTEs and 
interpretation FTEs no longer had a significant association with the outcome in any of the 
models.  
 Models applying the CCS dummy variable-based patient acuity adjustment and the 
modified Wolinsky continuity of care measure produced results similar to the main model 
specification in direction, significance and effect size. Finally, the sensitivity analysis that 
modeled patient encounters in place of total patients found similar effects across the FQHC 
characteristics but produced larger effect sizes among the enabling services staff categories. 
Additionally, having more eligibility assistance worker FTEs became statistically significant in 
this model and was associated with a decrease in preventable hospitalization (p<.05) and 
preventable ED visits (p<.01) with any diagnosis of asthma. 
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Part 2: Configurational Comparative Analysis Using Coincidence Analysis  
Methods 
Data Source and Inclusion Criteria 
The configurational comparative analysis was built on the same dataset utilized for the 
regression-based methods: North Carolina Medicaid claims from January 1, 2013 through 
September 30, 2015 for patients who received the plurality of primary care services in FQHCs 
were merged with 2013-2015 UDS data. Different from the regression analysis, we conducted 
the configurational analysis at the organization level, so inclusion criteria were assessed at the 
organization level. We opted to utilize an organization-level CCM because we wanted to apply 
an organization-level interpretation in order for the results to be most useful for administrators 
and practitioners.   
FQHCs were included in the analysis if more than one Medicaid-insured pediatric patient 
with asthma was attributed to the organization during the study period (2013-2015) and if they 
had complete UDS data. Of the 37 federally-funded FQHC organizations in North Carolina, 35 
FQHCs were included in this analysis, and all but two of the organizations existed in all three 
analysis years. (One FQHC was excluded due to insufficient sample size, and one FQHC was 
excluded due to lack of complete UDS data.)   
Key Organizational Characteristics   
The primary outcome of interest was whether the FQHC organization was classified as a 
high performer according to a three-year pooled analysis of Medicaid claims described in 
Chapter Three. In brief, we applied three different methodologies (unadjusted crude rate, 
hierarchical generalized linear models and fixed effect models) to two model specifications to 
rank FQHCs according to preventable hospital utilization rates for asthma. The FQHC-specific 
performance classification measure for each method represented the average for patients 
attributed to that organization and was used to generate a method-specific performance 
ranking. We then assigned an overall performance ranking using the geometric mean of the 
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rankings across the risk-adjusted models. The top-performing 25% of organizations – those that 
had the best overall performance ranking based on the lowest rate of preventable hospital 
utilization for asthma – were classified as high performers. Secondary analyses modeled 
organizational characteristics associated with the absence of the outcome, or HI_PERF=0. 
(From this point forward, the absence of a condition will be denoted with lower-case letters, e.g., 
hi_perf.) 
Key explanatory factors consisted of the following modifiable organizational 
characteristics: staffing ratios, financial resources and PCMH recognition. Focusing on 
modifiable organizational characteristics is most useful from a policy and practice perspective 
given the potential to identify actionable conditions for program improvement. The 2013-2015 
average for each characteristic was calculated for every organization. A full list of factors and 
their definitions are included in Table 4.4.  
The following factors were considered controls for the analysis: concentration of 
uninsured patients, operating income, total clinic sites, concentration of pediatric patients, and 
concentration of low-income patients (income <200% of the federal poverty line). Having a high 
concentration of patients without insurance influences resources available at FQHCs and 
directly affects organization structures and services. Organizations with high operating income 
may have more resources available to improve quality and organization performance. Having a 
large number of clinic sites could be associated with high performance – a sign of strategic 
growth – or could signal poor performance if systems and standards are not well integrated 
across sites. High concentrations of pediatric patients may imply greater experience caring for 
this patient population. Having high concentrations of low-income patients may imply patients 
with greater non-medical barriers to good health, thereby influencing an organization’s ability to 
keep these patients out of the hospital.  
Set membership definition. CCMs study implication (“if-then”) hypotheses that link 
specific values of variables to the outcomes.47 In other words, CCMs model the effect of 
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conditions (e.g., high ratio of enabling services staff) on outcomes. Therefore, to conduct the 
configurational comparative analysis, all factors were “scored” to reflect each FQHC’s degree of 
“membership” in a given factor—for example, the level of membership in the “high enabling 
services staffing” condition. We applied binary definitions based on break-points in the data 
distribution. Because some factors had more than one clear break-point in the data distribution, 
we ran two analyses for each model and outcome – one using the high thresholds, and another 
using the low thresholds. Figures D.1-D.4 in Appendix D highlight the calibration thresholds for 
the factors included in the analysis.   
Analytic Approach 
To date, qualitative comparative analysis, or QCA, represents the more commonly 
utilized CCM in health services research.48–50 However, we elected to use a new method within 
the CCM family known as coincidence analysis, or CNA, 51,52 because it has improved upon 
some of the shortcomings of QCA.53,54 Appendix C includes a description of the CNA algorithm 
used to identify conditions associated with the outcome. 
Configurational comparative methods including CNA represent an iterative process with 
refinements made to model inputs and factor calibration throughout the analysis. Iterative 
model-building and testing is necessary in part because researchers are limited in the number 
of factors included in configurational analyses; for each additional factor, k, included in the 
model, there are 2k logically plausible configurations. For example, including 10 factors in the 
model produces 1,024 configurations. With only 35 organizations in this analysis, including a 
large number of factors would result in logically possible configurations without data, also known 
as limited diversity. Limited diversity can produce large numbers of potential solutions, 
adversely affecting the informativeness of the resulting model solutions.  
Given the need to limit the number of factors included in the analysis, we chose to 
reduce the number of control factors included by first homogenizing the data on two control 
factors. (Homogenizing on more than two controls did not leave sufficient cases for analysis.) 
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We created four subsets of the full dataset comprised of cases that were homogenous in their 
configuration of two of the controls (1/1, 1/0, 0/1 and 0/0 configurations). The configuration of 
high concentration of uninsured patients with the absence of a high concentration of pediatric 
patients contained sufficient diversity to permit analysis (N=11 cases in both the high- and low-
threshold specifications). Two other configurations – organizations without high concentrations 
of both low-income patients and pediatric patients, and organizations without high 
concentrations of low-income patients but with high concentrations of uninsured patients – also 
contained sufficient diversity for analysis, but there were no commonalities across model 
solutions. Thus, these results are not reported here. Two other control conditions -- high 
operating income and large number of clinic sites -- were included in the analytical models. 
When models included a third control, high concentration of low-income patients, the results 
were inconclusive. All results should be interpreted relative to organizations with high 
concentrations of uninsured patients but without high concentrations of pediatric patients.  
After deciding on the controls, we established two different model specifications to 
incorporate all factors of interest in the analysis. For model 1, we included the control conditions 
and the individual enabling services FTEs. To further increase the diversity index, i.e. the ratio 
of observed configurations to all logically possible configurations in the dataset, we included 
only four enabling service FTE categories – case manager FTEs, a combined outreach 
measure that summed outreach and patient/community educator FTEs into a single category, 
eligibility assistance FTEs and interpretation FTEs – in addition to the two controls, operating 
income and total sites. Model 2 comprised seven conditions including the two control conditions, 
requiring us to disjunctively aggregate two of the remaining key conditions of interest to increase 
the diversity index. Disjunctively aggregating conditions is a common approach in CCMs to 
maintain the properties of the conditions in the models but to limit the number of factors included 
in the analytical model given limited diversity. The five key factors for Model 2 included: ratio of 
advanced practice clinicians to physicians, patient-centered medical home recognition, as well 
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as pharmacy, behavioral health and total enabling services FTEs. We disjunctively aggregated 
behavioral health and total enabling services FTEs because these staff could help to address 
non-medical causes of poor health. 
CNA then determined which conditions were minimally necessary and minimally 
sufficient for the outcome within these subsets of the full data set by searching the data for 
single conditions then combinations of conditions that met pre-specified consistency and 
coverage thresholds. Consistency measures how often a combination of conditions leads to the 
outcome, or the degree to which the cases sharing a particular combination also share the 
same outcome.55 Lower consistency values may indicate lower confidence in the causal 
relationship between conditions and the outcome.  Coverage measures the proportion of cases 
with the outcome that also have a particular condition56 – the “empirical importance” of a given 
configuration.55 Conditions meeting the consistency and coverage thresholds were aggregated 
to form model solutions. 
We ran CNA on both the high- and low-threshold specifications for Models 1 and 2 for a 
total of four analyses with the outcome HI_PERF. We ran the same four analyses on the 
absence of high performance, or hi_perf (hi_perf=1 when HI_PERF=0). All analyses were 
conducted using the cna package in R.57 Initial analyses set consistency and coverage 
thresholds at 100% and gradually lowered to 75% if there were no solutions. We increased the 
maximum complexity of model solutions from default settings.  
Results 
According to traditional cross-case analysis, the following conditions had the strongest 
associations with the outcome, high performance, in both the high- and low-threshold datasets: 
having a high concentration of uninsured patients, the absence of a high concentration of 
pediatric patients, high ratios of behavioral health FTEs to medical patients, and the absence of 
high ratios of advanced practice clinicians to physicians (Tables D.1 and D.2 in Appendix D). 
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Among all 35 organizations in the analysis, only two pairs of two organizations shared the same 
configuration of conditions in the high-threshold dataset; no organizations shared identical 
configurations in the low-threshold dataset. 
Tables 4.5 and 4.6 include the CNA results -- the solutions for Models 1 and 2 for both 
the HI_PERF and hi_perf analyses with high- and low-threshold specifications for the included 
factors. As shown in Table 4.5, both the high- and low-calibration thresholds for Model 1 
produced the same results when modeling the outcome HI_PERF:  
(1) TOTAL_SITES + combout*interp_ratio <-> HI_PERF 
(2) TOTAL_SITES + combout*ELIGASST_RATIO*interp_ratio <-> HI_PERF 
In words, solution 1 translates to: high performance was associated with having a large number 
clinic sites OR the absence of a high outreach/patient and community educator-to-patient ratio 
AND the absence of a high interpretation FTE-to-patient ratio. (The + symbol connotes “OR”, 
the * symbol connotes “AND,” and lower-case letters symbolize the absence of a condition.) 
This solution was observed in the high- and low-threshold specifications with 86% consistency 
and 100% coverage, meaning that the outcome of high performance was observed nearly 86% 
of the time in which this configuration was also observed. Moreover, all of the organizations 
classified as high performers exhibited this configuration.  
Solution 2 is similar to Solution 1 but suggests that the combination of the absence of a 
high outreach/patient and community educator FTE-to-patient ratio AND having high eligibility 
assistance FTE-to-patient ratio AND the absence of a high interpretation FTE-to-patient ratio 
was associated with high performance. Solution 2 occurred with 100% consistency and 83% 
coverage in the homogenized dataset for both the high- and low-threshold specifications. The 
common core for both Solutions 1 and 2 was: TOTAL_SITES + combout*interp_ratio.  
This common core was well-represented in the full dataset. In the full dataset with 35 
cases and high-threshold calibration, TOTAL_SITES was associated with the outcome in 
roughly 36% of cases (i.e., when cases exhibited TOTAL_SITES, 36% of those cases also 
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exhibited the outcome). Approximately 44% of the high performers exhibited the condition 
TOTAL_SITES. The same consistency and coverage measures were observed for the low-
threshold dataset.  
In the high-threshold dataset, the condition combout*interp_ratio was associated with the 
outcome in approximately 29% of the cases in which it appeared, and nearly 67% of the high 
performers exhibited this configuration. Consistency and coverage scores for this configuration 
were only slightly lower in the low-threshold dataset.  
CNA for the outcome hi_perf (the absence of high performance) generated nine potential 
solutions across the two threshold calibrations for Model 1. Even so, eight of the nine potential 
solutions contained the following common core: total_sites*INTERP_RATIO, which means the 
absence of a large number of clinic sites AND having a high interpreter FTE-to-patient ratio was 
linked directly to the absence of high performance. This configuration exhibited 25% 
consistency and nearly 78% coverage in both the high- and low-threshold calibrations of the full 
dataset (all 35 cases). Further, total_sites*INTERP_RATIO represented a negation of the 
conditions associated with the outcome HI_PERF. 
As shown in Table 4.6, the CNA on HI_PERF for Model 2 produced one solution in the 
high-threshold dataset and three potential solutions for the low-threshold calibrations. These 
solutions contained the following common core, OP_INC*pcmh_recog + TOTAL_SITES, which 
translates to: having a higher operating income AND no PCMH recognition OR having a large 
number of clinic sites was associated with high performance. The configuration 
OP_INC*pcmh_recog was present in all four solution models, and TOTAL_SITES was present 
in three of the four solution models. As with Model 1, the condition TOTAL_SITES demonstrated 
good consistency and coverage in the full, 35-case dataset. However, the configuration 
OP_INC*pcmh_recog was instantiated by only one case in the full dataset, producing very low 
coverage (11%) for this configuration.  
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For the analysis on hi_perf using Model 2, the high-threshold dataset generated two 
model solutions, but the low-threshold dataset produced 12 model solutions. The condition 
total_sites*PCMH_RECOG – the absence of a large number of clinic sites and having PCMH 
recognition – appeared in both solutions for the high-threshold calibration and in four of the 12 
solutions in the low-threshold calibration. However, this configuration exhibited low consistency 
(11%) and coverage (11%) in both the high and low-threshold calibrations of the full dataset 
(where N=35 organizations).   
Part 3: Discussion 
To improve upon previous studies examining FQHC organizational characteristics 
associated with organization performance, this analysis applied both regression-based and 
configurational comparative methods. The regression analysis helped identify which FQHC 
characteristics were associated with the probability a patient experienced a preventable hospital 
visit, while the configurational comparative analysis using CNA uncovered different 
combinations of characteristics that high performing organizations had in common across an 
array of contexts (i.e., organization configurations). The decision to use patient-level regression 
models was motivated by statistical power, which permitted inclusion of a variety of both patient- 
and organization-level covariates. The decision to use an organization-level CNA was motivated 
by previous research indicating that FQHC services, structures and processes varied across 
organizational characteristics and organization context, suggesting there might be 
interdependencies among organizational characteristics, context and performance. Indeed, 
CCMs are useful when outcomes may be explained by combinations of specific conditions that 
occur together, when multiple combinations of conditions produce the same outcome, and when 
a case-based unit of analysis is important to account for an array of contexts.  
 Both the regression and CNA results indicated that certain non-medical services were 
associated with higher preventable hospital utilization and lower organization performance, 
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disproving the study hypothesis that these services would be associated with lower preventable 
hospital use and higher performance. The regression results indicated that having a broader 
scope of FQHC services and greater numbers of behavioral health, pharmacy and outreach 
FTE staff were associated with significantly higher likelihood of preventable hospital utilization 
with any diagnosis of asthma after controlling for patient and area-level characteristics. 
However, more interpretation and other enabling services FTEs (care coordinators and referral 
specialists) were associated with approximately a 1-2 percentage point decrease in the 
likelihood of preventable hospital utilization with any diagnosis of asthma, respectively (p<.05).  
Results from the configurational comparative analysis provided insights into “typologies” 
of high-performing FQHCs among organizations with high percentages of uninsured patients 
and low percentages of pediatric patients. Overall, the CNA results indicated that having a large 
number of clinic sites was associated with the outcome of high performance in both Models 1 
and 2 and across both high- and low-threshold calibrations. Further, analysis for the absence of 
the outcome, hi_perf, suggested the negation of the positive outcome: having fewer clinic 
locations was associated with the absence of high performance across all model specifications. 
This finding aligns with previous research that indicated having more clinic sites was associated 
with higher odds of Level 3 PCMH recognition among FQHCs.58  Moreover, having a large 
number of clinic sites despite having high concentrations of uninsured patients likely indicates 
strategic leadership and greater access to other revenue sources and community partnerships 
that facilitate expanding access to care. 
The strongest conclusions can be drawn from Model 1. Although we found two potential 
model solutions and thus could not identify which causal structure was operative, the fact that 
these solutions were replicated across both the high- and low-threshold calibration suggested 
robust findings for the HI_PERF outcome in Model 1. Model 1 solutions suggested that having 
low ratios of FTEs-to-patients for outreach/patient and community educators and interpretation 
staff were also connected to high performance. While these results are surprising, they could 
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signal a systematic difference in organizations exhibiting these characteristics that is not being 
captured in the data. To borrow Cross and colleagues’  hypothesis regarding why quality of care 
measures were lower in practices with higher concentrations of high-needs patients,16 perhaps 
organizations with higher ratios of outreach and interpretation staff have patients with more 
complex social, economic and environmental needs that detract attention and resources away 
from medical management of chronic disease.  
Definitive conclusions could not be drawn from Model 2. The dataset for CNA was highly 
fragmented (i.e., exhibited low diversity), so most logically possible configurations were not 
observed in the data. For this reason, Model 2 results revealed only portions of the underlying 
causal structures.  
It is important to note that an organization-level measure for scope of services and non-
medical services staffing does not necessarily imply that these services are equally available to 
and accessed by pediatric patients. FQHCs, for example, may target enabling services to adult 
populations, or may only offer services at some clinic locations. In other words, the results of 
this study should not be interpreted as a reflection of the effectiveness of non-medical services 
in FQHCs since we did not have patient-level utilization measures for non-medical services. In 
fact, previous research has underscored the importance of non-medical services on improving 
patient outcomes,59–62 particularly among vulnerable patient populations. For example, Vest and 
colleagues62 used patient-level encounter data and found that receipt of one of five “wraparound 
services” – behavioral health, social work, dietetics, respiratory therapy and patient navigation 
services – in a large, urban FQHC significantly reduced subsequent high-cost hospital utilization 
among adult patients.  
Another potential explanation for this study’s surprising results could be that 
organizations with more non-medical services and greater staffing of non-medical services 
generate more patient “touches,” which could identify underlying health problems that warrant 




This study has several limitations. First, the FQHC characteristics included in the UDS 
are measured at an organization-level and may not reflect services available at individual 
delivery sites. In other words, non-medical services may not be equally accessible to all patients 
within an FQHC organization. Furthermore, neither Medicaid claims data nor UDS data indicate 
which patients are accessing enabling services at FQHCs. Children may be accessing enabling 
services less frequently than adults, for example.  
Second, this analysis was limited to the organizational characteristics available in UDS 
data. Other organizational factors (e.g., leadership, community partnerships) not available in 
these data may be contributing to the observed relationships. Furthermore, UDS data are self-
reported and unaudited, potentially introducing measurement error in model covariates and 
biasing results. Third, FQHC patients do not randomly select into FQHCs. However, North 
Carolina FQHCs have historically had distinct service areas, so patients likely had limited 
opportunity to utilize more than one FQHC organization. Additionally, the FQHC fixed effects 
control for unobserved, time-invariant differences within FQHCs which could influence patient 
selection. Fourth, the study included only nine months of data for analysis year 2015 given the 
transition to ICD-10 coding; however, analyses adjusted for total months of Medicaid enrollment 
in a calendar year. Additionally, we assumed in 2015 that the outcomes were linear in the 
number of months on Medicaid – that the outcomes for those enrolled in Medicaid for 12 months 
would be twice as high compared to those enrolled for six months.  
Finally, CCMs can produce ambiguous results when data are highly fragmented, i.e., 
when there are logically plausible configurations of conditions without observed data. Because 
we examined six conditions in each analysis sample, the CNA explored 128 (26) logically 
plausible configurations. However, we only had 35 organizations, or cases, for analysis, 
resulting in highly fragmented data. In order to reduce fragmentation, we homogenized our 
dataset on two of the control factors, which in turn limited the generalizability of the results. 
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Therefore, the utility of CCMs was diminished in this study given the high degree of data 
fragmentation.  
Conclusion 
Overall, we found that a broader scope of services and more full-time equivalent staff for 
certain non-medical services were associated with increases in preventable hospital use. 
However, the FQHC services included in this study were measured at an organization-level and 
did not reflect patient-level utilization of those services. Therefore, our ability to make inferences 
about these organization-level characteristics and patient-level outcomes was limited.  
The results of this study highlight the need for additional research that utilizes patient-
level encounter data for non-medical services to better understand the effect of accessing non-
medical services on preventable hospital utilization. Additionally, future research could explore 
whether non-medical services have a different effect on inpatient hospital utilization versus ED 
utilization. Because this study focused on pediatric asthma, ED utilization comprised the 
majority of hospital use.  
Qualitative interviews would also be beneficial for identifying how organizational factors 
not available in quantitative data (e.g., leadership, community partnerships) may be contributing 
to the observed relationships between organizational characteristics and organization 
performance. Furthermore, qualitative interviews could identify organizational structures and 
processes underlying chronic disease care and access to non-medical services.  
Finally, as the health care system continues to move toward value-based payment, 
policymakers and payers might consider including revenue codes for non-medical services to 
permit future examination of the effectiveness of these services in reducing health care costs 
and utilization and improving patient outcomes across both FQHC and non-FQHC   
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organizations. Without the ability to examine the association between organizations’ services 
and patient-level utilization and outcomes on a systems-level, quantitative research to identify 




Table 4.1. Covariates Derived from FQHC Uniform Data System (UDS) data 
Category Variables 
Key explanatory factors  
FQHC scope of 
services 
A count of the non-medical services relevant to asthma care provided by the 
FQHC organization (measured by whether the FQHC reported FTE staff for 
those services in the UDS). Range: 0-9. 











Behavioral health providers (mental health and substance abuse) 
Pharmacy staff 
Enabling services staff 
Case managers 
Patient/Community education specialists 
Outreach workers 
Transportation staff 
Eligibility assistance workers 
Interpretation staff  
  




factors   
Medical staff 
FTEs 
Primary care physician (MD/DOs) FTEs 
  Advanced practice provider (NPs, PAs, CNMs) FTEs 
Organization 
size 
Number of clinic sites 
  Number of patients 
Financial 
resources  
Three-year average operating income (prior year, current year and subsequent 
year net revenue less expenses) 
 
Indicator for whether FQHC was a "new start" (newly funded) FQHC 
organization in analysis year 
FQHC patient 
profile 
% pediatric patients 
  % of patients with asthma 
  % of patients who report incomes ≤ 200% of the federal poverty level 
  % of patients uninsured 
Clinical quality   Percent of eligible children receiving weight assessment and counseling 





EHR utilized to extract UDS data 
Electronic health information exchange with other health care organizations  




Table 4.2. Descriptive Statistics, 2013-2015 FQHC and Patient Characteristics 
Mean or mean % (SD) 
N (person-years) 23,982 
Unique individuals 13,292 
Any hospital utilization with a principal diagnosis of asthma  9.5% 
Emergency department visit with a principal diagnosis of asthma 8.6% 
Any hospital utilization with any diagnosis of asthma  25.5% 
Emergency department visit with any diagnosis of asthma 23.8% 
FQHC Characteristics   
FQHC scope of services (range: 0-9)  5.54 (1.76) 
Behavioral health FTEs 4 (3.71) 
Pharmacy FTEs 9.7 (11.2) 
Enabling services FTEs   
Case manager FTEs 3.34 (3.85) 
Patient/Community Education Specialist FTEs 1.57 (2.22) 
Outreach worker FTEs 1.75 (1.79) 
Transportation staff FTEs 0.408 (1.01) 
Eligibility assistance worker FTEs 3.97 (3.45) 
Interpretation staff FTEs 1.71 (2.48) 
Other enabling services FTEs (e.g., care coordinator and referral 
specialists) 1.68 (3.21) 
Primary care physician (MD/DOs) FTEs 12 (6.04) 
Advanced practice provider (NPs, PAs, CNMs) FTEs 9.9 (5.15) 
Indicator for whether FQHC was a "new start" (newly funded)  FQHC 
organization in analysis year 8.2% 
3-year average operating income (prior year, current year and subsequent 
year), in $10,000 -62.8 (171) 
Number of clinic sites 8.58 (5.47)  
Number of patients (in 10,000)  2.58 (1.16) 
Proportion of pediatric patients 37.0 (23.1)  
Proportion of patients with asthma 6.36 (4.34)  
Proportion of patients with incomes ≤ 200% of the federal poverty level 61.2 (27.9)  
Proportion of patients uninsured 36.8 (20.4)  
Percent of eligible children receiving weight assessment and counseling 57.0 (20.1)  
Percent of eligible children fully immunized 81.2 (16.9) 
Electronic health information exchange with other health care organizations  80.7% 
Patient engagement through health information technology 81.8% 
EHR utilized to extract UDS data 87.6% 
Patient characteristics (in person-years)   
Age 9.3 (4.43)  




White, not Hispanic 16.2% 
Black, not Hispanic 49.4% 
Hispanic 27.0% 
Multiple/Other, not Hispanic 3.2% 
Unknown 4.2% 
Months of Medicaid coverage in calendar year 10.4 (2.18) 
Rural residence 28.5% 
Specialty provider utilization in calendar year 6.8% 
Number of primary care visits in calendar year 4.07 (3.63)  
Number of chronic conditions 1.63 (1.10)  
Continuity of care (% of primary care visits with attributed organization in 
calendar year) 83.8 (0.224) 
County-level measures  
Percent living under poverty 18.9 (4.98) 
Median household income (in $10,000) 4.55 (0.946)  









Table 4.3. Average Marginal Effects of FQHC Characteristics on Preventable Hospital 
Utilization, 2013-2015 
 

























FQHC Scope of Services 
(count of non-medical 
services offered, 0-9) 
0.0141 0.0142 0.0394** 0.0405** 
 (0.0108) (0.0102) (0.0142) (0.0139) 
     
Behavioral health FTEs 
(mental health/substance 
abuse) 
0.00858 0.00588 0.0217** 0.0187** 
 (0.00504) (0.00491) (0.00688) (0.00692) 
     
Pharmacy FTEs 0.00279 0.00141 0.0202** 0.0179** 
 (0.00441) (0.00421) (0.00639) (0.00628) 
     
Case manager FTEs 0.000615 0.00159 0.00734 0.00747 
 (0.00302) (0.00291) (0.00465) (0.00464) 




-0.00448 -0.00242 -0.00831 -0.0125 
 (0.00620) (0.00601) (0.00880) (0.00902) 
     
Outreach FTEs -0.00361 -0.00413 0.0216** 0.0195** 
 (0.00520) (0.00498) (0.00754) (0.00750) 
     
Eligibility Assistance 
FTEs -0.00155 -0.00218 -0.00795 -0.0106 
 (0.00389) (0.00375) (0.00569) (0.00565) 
     
Interpretation FTEs 0.00454 0.00116 -0.0203** -0.0219** 
 (0.00544) (0.00530) (0.00777) (0.00777) 
     
Other Enabling Services 
FTEs -0.00526 -0.00290 -0.0156 -0.0172
* 
 (0.00598) (0.00574) (0.00824) (0.00816) 
     
Transportation FTEs 0.00883 -0.00785 -0.00493 -0.0137 
 (0.0285) (0.0279) (0.0409) (0.0411) 
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Primary care physician 
FTEs 0.00362 0.00424 0.000826 0.00327 
 (0.00440) (0.00419) (0.00630) (0.00622) 
     
Advanced practice 
provider FTEs 0.0103 0.00798 0.0218
* 0.0213* 
 (0.00728) (0.00709) (0.0103) (0.0102) 
     
New FQHC organization 
in analysis year (ref. 
existing FQHC) 
-0.0500 -0.0532 -0.0377 -0.0377 
 (0.0329) (0.0290) (0.0684) (0.0666) 
     
Three-year average 
operating income (in 
$10,000) 
-0.000142 -0.000102 0.000318 0.000287 
 (0.000140) (0.000131) (0.000200) (0.000198) 
     
Number of clinical 
delivery sites -0.00305 -0.00267 -0.00185 -0.00563 
 (0.00540) (0.00518) (0.00827) (0.00809) 
     
Total patients (in 10,000) -0.0815 -0.0739 -0.0789 -0.0976 
 (0.0464) (0.0443) (0.0706) (0.0701) 
     
Proportion of pediatric 
patients -0.00300 -0.00305 0.000648 0.000830 
 (0.00212) (0.00204) (0.00298) (0.00294) 
     
Proportion of asthma 
patients -0.00404 -0.00324 -0.00187 -0.000399 
 (0.00279) (0.00264) (0.00421) (0.00415) 
     
Proportion of patients 
with incomes <200% FPL 0.00210
*** 0.00186** 0.00326*** 0.00328*** 
 (0.000627) (0.000613) (0.000880) (0.000888) 
     
Proportion of patients 
uninsured -0.00207 -0.00197 -0.00117 -0.00157 
 (0.00133) (0.00129) (0.00202) (0.00198) 
     
Percent of eligible 
children receiving weight 
assessment and 
counseling 
-0.000583 -0.000717* 0.000149 -0.000114 
 (0.000364) (0.000339) (0.000484) (0.000475) 
     
Percent of eligible 
children fully immunized 
by third birthday 
0.000303 0.000158 0.000491 0.000625 
 (0.000356) (0.000342) (0.000474) (0.000465) 
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Electronic health 
information exchange 
with other health care 
organizations  
-0.0302 -0.0283 -0.0198 -0.0241 
 (0.0169) (0.0166) (0.0208) (0.0210) 




0.0276* 0.0216 0.0351 0.0439* 
 (0.0137) (0.0136) (0.0217) (0.0207) 
     
EHR utilized to extract 
UDS data -0.0618 -0.0408 -0.0788
* -0.0660* 
  (0.0326) (0.0295) (0.0339) (0.0332) 
     
N (person-years) 23,982 23,982 23,982 23,982 
Standard errors in parentheses. 
*** p < 0.001, ** p < 0.01, * p < 0.05 
Models also adjusted for the following patient- and area-level characteristics: age, sex, race/ethnicity, 
months of Medicaid coverage in the calendar year, rural residence, specialty provider utilization for 
asthma in calendar year, an interaction between rural residence and specialty provider utilization, total 
number of primary care visits to any provider, total number of chronic conditions, Breslau & Reeb’s 
continuity of care measure, percent of population living below the federal poverty line, median 
household income, air particulate matter concentration (annual PM2.5 level), as well as year and 
FQHC fixed effects.  
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Table 4.4. Organizational Characteristics, Factor Names and Set Membership Definitions 
for Coincidence Analysis 
Organizational 
characteristics (Factor name) 
High-threshold definitions Low-threshold 
definitions 
Outcome  
High performer (HI_PERF) Top 25% of organizations 
based on Aim 2 analysis=1; 0 
otherwise 
Same as high-threshold 
definition 
Controls  
High concentration of patients 
without insurance 
(PERC_UNINSURED) 
Organizations with >50% 
uninsured patients =1; 0 
otherwise 
Same as high-threshold 
definition 
High concentration of pediatric 
patients (PERCPEDS) 
Organizations with >27% 
pediatric patients =1; 0 
otherwise 
Same as high-threshold 
definition 
High operating income 
(OP_INC) 
Organizations with >$440,000 
in operating income =1; 0 
otherwise 
Same as high-threshold 
definition 
Large number of clinic sites Organizations with >6 clinic 
sites =1; 0 otherwise 
Same as high-threshold 
definition 
Explanatory factors  
High advanced practice 
clinician (NP, PA, CNM) to 
physician (MD, DO) full-time 
equivalent (FTE) ratio 
(AP_PCP) 
Organizations with >1.9 
advanced practice providers 
per physician=1; 0 otherwise 
Organizations with >1.3 
advanced practice 
providers per physician=1; 
0 otherwise 
High behavioral health provider 
(mental health and substance 
abuse) FTE to medical patient 
ratio (BH_RATIO) 
Organizations with > 1.99 
behavioral health providers 
per 10,000 medical patients 
=1; 0 otherwise   
Same as high-threshold 
definition 
High pharmacy FTE to medical 
patient ratio 
(PHARMACY_RATIO) 
Organizations with > 5 
pharmacy staff per 10,000 
medical patients =1; 0 
otherwise 
Organizations with > 3.71 
pharmacy staff per 10,000 
medical patients =1; 0 
otherwise 
High enabling services FTE to 
medical patient ratio 
(TOTAL_ES) 
Organizations with > 14 
enabling services FTEs per 
10,000 medical patients =1; 0 
otherwise 
Organizations with > 9 
enabling services FTEs 
per 10,000 medical 
patients =1; 0 otherwise 
High case manager FTE to 
medical patient ratio 
(CASEMNGR_RATIO) 
Organizations with >3.1 case 
manager staff per 10,000 
medical patients; 0 otherwise. 
Organizations with >1.99 
case manager staff per 
10,000 medical patients; 0 
otherwise. 
High outreach and patient 
education FTE to medical 
patient ratio (COMBOUT) 
Organizations with >3.1 
outreach/education staff per 
10,000 medical patients; 0 
otherwise. 
Organizations with >2.09 
outreach/education staff 
per 10,000 medical 
patients; 0 otherwise. 
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High eligibility assistance FTE 
to medical patient ratio 
ELIGASST_RATIO) 
Organizations with >4.2 
eligibility assistance staff per 
10,000 medical patients; 0 
otherwise. 
Same as high-threshold 
definition 
High interpretation FTE to 
medical patient ratio 
(INTERP_RATIO) 
Organizations with >1.2 
interpretation staff per 10,000 
medical patients; 0 otherwise. 
Same as high-threshold 
definition 
At least one site with patient-
centered medical home 
(PCMH) recognition 
(PCMH_RECOG) 
1 if yes; 0 if no (2014/2015 
data only) 






Table 4.5. Model 1 Coincidence Analysis Results for Organizations with High Concentrations of Uninsured Patients and 








(HI_PERF)       
High-threshold 
calibration  






(1) TOTAL_SITES + combout*interp_ratio <-> 
HI_PERF 
(2) TOTAL_SITES + 
combout*ELIGASST_RATIO*interp_ratio <-> HI_PERF 
(1) Consistency: 85%; 
coverage: 100% 










(1) TOTAL_SITES + combout*interp_ratio <-> 
HI_PERF 
(2) TOTAL_SITES + 
combout*ELIGASST_RATIO*interp_ratio <-> HI_PERF 
(1) Consistency: 86%; 
coverage: 100% 
(2) Consistency: 100%; 
coverage: 83% 
HI_PERF=0 
(hi_perf)       
High-threshold 
calibration  






(1) total_sites*COMBOUT + 
total_sites*INTERP_RATIO <-> HI_PERF   
(2) total_sites*INTERP_RATIO + 
COMBOUT*ELIGASST_RATIO <-> HI_PERF       
(3) total_sites*INTERP_RATIO + 
op_inc*casemngr_ratio*COMBOUT <-> HI_PERF 
(4)  total_sites*INTERP_RATIO + 
casemngr_ratio*COMBOUT*interp_ratio <-> HI_PERF 
(1) Consistency: 100%; 
coverage: 80% 
(2) Consistency: 100%; 
coverage: 80% 
(3) Consistency: 100%; 
coverage: 80% 













(1) total_sites*COMBOUT + 
total_sites*INTERP_RATIO <-> HI_PERF     
(2) total_sites*COMBOUT + combout*INTERP_RATIO 
<-> HI_PERF 
(3) total_sites*COMBOUT + 
ELIGASST_RATIO*INTERP_RATIO <-> HI_PERF 
(4) total_sites*INTERP_RATIO + 
COMBOUT*ELIGASST_RATIO <-> HI_PERF  
(5) total_sites*INTERP_RATIO + 
casemngr_ratio*COMBOUT*interp_ratio <-> HI_PERF 





(3) Consistency: 100%; 
coverage: 80% 
(4) Consistency: 100%; 
coverage: 80% 








Table 4.6. Model 2 Coincidence Analysis Results for Organizations with High Concentrations of Uninsured Patients and 








(HI_PERF)       
High-threshold 
calibration  





(1) OP_INC*pcmh_recog + 
ap_pcp*PCMH_RECOG*pharmacy_ratio<-> 
HI_PERF 









(1) TOTAL_SITES + OP_INC*pcmh_recog + 
AP_PCP*PHARMACY_RATIO <-> HI_PERF 
(2)TOTAL_SITES + OP_INC*pcmh_recog + 
PHARMACY_RATIO*bh_ratio_total_es <-> 
HI_PERF 
(3) TOTAL_SITES + OP_INC*pcmh_recog + 
op_inc*PCMH_RECOG*PHARMACY_RATIO 
<-> HI_PERF 
(1) Consistency: 100%; 
coverage: 83% 






(hi_perf)       
High-threshold 
calibration  





(1) op_inc*PHARMACY_RATIO + 
total_sites*PCMH_RECOG <-> HI_PERF 
(2) total_sites*PCMH_RECOG + 
PHARMACY_RATIO*bh_ratio_total_es <-> 
HI_PERF 
(1) Consistency: 80%; 
coverage: 80% 














> HI_PERF                 
(2) total_sites*PCMH_RECOG+ 
op_inc*pcmh_recog*PHARMACY_RATIO <-
> HI_PERF                     
(3) total_sites*PCMH_RECOG+ 
op_inc*pcmh_recog*BH_RATIO_TOTAL_ES 
<-> HI_PERF                  
(4) total_sites*pharmacy_ratio + 
op_inc*total_sites*BH_RATIO_TOTAL_ES <-
> HI_PERF 
(5) total_sites*pharmacy_ratio + 
op_inc*pcmh_recog*PHARMACY_RATIO <-
> HI_PERF                 
(6) total_sites*pharmacy_ratio + 
op_inc*pcmh_recog*BH_RATIO_TOTAL_ES 
<-> HI_PERF 
(7) pharmacy_ratio*bh_ratio_total_es + 
op_inc*total_sites*BH_RATIO_TOTAL_ES <-
> HI_PERF       
(8) pharmacy_ratio*bh_ratio_total_es + 
op_inc*pcmh_recog*PHARMACY_RATIO <-
> HI_PERF          
(9) pharmacy_ratio*bh_ratio_total_es + 
op_inc*pcmh_recog*BH_RATIO_TOTAL_ES 
<-> HI_PERF 
(10) total_sites*PCMH_RECOG + 
op_inc*total_sites 
*ap_pcp*PHARMACY_RATIO <-> HI_PERF  
(11) total_sites*pharmacy_ratio + 
op_inc*total_sites * 
ap_pcp*PHARMACY_RATIO <-> HI_PERF     
(12) pharmacy_ratio*bh_ratio_total_es + 
op_inc*total_sites * 
ap_pcp*PHARMACY_RATIO <-> HI_PERF 
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CHAPTER FIVE: DISCUSSION 
Overview of Findings 
The purpose of this research was to examine organizational characteristics associated 
with high performance among federally qualified health centers (FQHCs). We narrowly defined 
our study sample to include North Carolina FQHCs and Medicaid-insured children with asthma 
because North Carolina had yet to implement full Medicaid managed care, which reduced the 
“noise” present in claims data stemming from multiple insurance companies influencing practice 
patterns (e.g., imposing their own utilization review or quality management systems). 
Additionally, asthma is one of the mostly commonly diagnosed chronic diseases in children,1 
has strong face validity as an ambulatory care sensitive condition,2,3 and disproportionately 
affects low-income and minority children.4  
Our research consisted of three studies. In Aim 1, we estimated the association of 
FQHC use with preventable hospital utilization in a population of Medicaid-insured children with 
asthma. The purpose of this analysis was to: 1) measure the association of FQHC use in a 
pediatric population, a group that has been understudied in the FQHC literature, and 2) to 
assess FQHC performance relative to other primary care practices in North Carolina to help 
contextualize the results of Aims 2 and 3. 
In Aim 2, we applied three different performance classification methodologies 
(unadjusted crude rate, hierarchical generalized linear models and fixed effect models) across 
two model specifications (with and without risk adjustment for the percent of patients without 
insurance) to rank FQHCs according to preventable hospital utilization rates. Since no “gold 
standard” in performance classification exists, we sought to incorporate performance 
classification results across multiple statistical methods and model specifications in order to 
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generate a more robust performance classification. In Aim 3, we utilized both regression-based 
and configurational comparative methods to identify FQHC characteristics associated with lower 
preventable hospital utilization. In particular, we were interested in the association of non-
medical services with preventable hospital use. 
The results of these studies add to the literature on FQHC performance and 
performance classification. In particular, we found that FQHC use was associated with higher 
preventable hospital utilization among Medicaid-insured children with asthma even after 
controlling for patient selection into FQHCs and a range of patient characteristics such as 
race/ethnicity, number of chronic conditions, utilization of specialty care for asthma and 
continuity of care. Because emergency department (ED) utilization comprised the majority of 
hospital utilization for pediatric asthma in this study, ED use likely drove the magnitude of the 
FQHC effect. Higher rates of ED utilization among FQHC patients compared to non-FQHC 
patients align with the results of previous studies in adult populations.5–7  
Community Care of North Carolina’s (CCNC) primary care case management and 
medical home model also likely influenced the differential effect of FQHC use in this patient 
population. CCNC has been shown to reduce hospital utilization, lower costs and improve 
health outcomes.8 Moreover, Medicaid-insured patients enrolled in CCNC have better process 
and outcome quality measures for chronic disease management relative to patients enrolled in 
Medicaid managed care programs in other states.9 CCNC may influencing Medicaid enrollees’ 
health outcomes and utilization in ways not duplicated in other states. 
Greater ED utilization among FQHC patients may also be driven by FQHC appointment 
availability or clinic accessibility.10 Moreover, non-hospital-based urgent care resources are less 
common in low-income communities11 – communities often served by FQHCs – potentially 
causing more people to utilize the ED in these areas.   
Among patients attributed to FQHC practices, we found substantial variation in hospital 
utilization rates across organizations. After testing three different methodologies across two 
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model specifications, we found variation in FQHC rankings across the five methodologies. 
However, the organizations in the top and bottom 25% of the rankings remained relatively 
consistent across methods. Therefore, minimal variation existed in the top and bottom 
organizations’ absolute rankings across methods. We demonstrated that the geometric mean 
could be used to generate an overall ranking across methodologies because it is indifferent to 
the various methods used to generate the rankings, it incorporates all data points, and it is not 
as susceptible to outlier rankings across methodologies. A similar approach may be useful for 
researchers, policymakers or payers who seek to generate relative performance rankings 
across organizations but who are concerned about the limitations associated with any one 
statistical method.  
In the final study examining FQHC organizational characteristics associated with high 
performance, we found surprising results. We expected the provision of non-medical services in 
FQHCs would be associated with lower preventable hospital use, but neither the regression-
based nor the configurational comparative analysis findings supported our hypothesis. Across 
these two methodological approaches, the results indicated that certain non-medical services 
were associated with higher preventable hospital utilization and lower organization performance. 
These results are surprising because, according to structural contingency theory,12 FQHCs 
offering a broader scope of services and greater non-medical FTE staff have recognized and 
responded to the greater health and social needs of their patient population. Vulnerable patients 
are more likely to face social, economic and resource barriers to good health, and providing 
non-medical services and enabling services are intended to help address or alleviate some of 
these barriers.13 Indeed, previous research found reduced hospital utilization following receipt of 
certain non-medical services.14 Perhaps FQHCs with more non-medical services and greater 
staffing of non-medical services have more frequent patient “touches,” which could identify 
underlying health problems that warrant more immediate medical attention in the hospital.  
Alternatively, FQHCs with a broader scope of non-medical services and more non-medical 
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services staffing may be prioritizing patient’s non-medical causes of poor health ahead of 
routine clinical care.15  
These findings are associated with substantial limitations. The FQHC characteristics 
included in this study were measured at an organization-level and did not reflect patient-level 
utilization. In other words, non-medical services might not be equally accessible to all patients 
within an FQHC organization. Furthermore, neither Medicaid claims data nor UDS data 
indicated which patients accessed enabling services at FQHCs. Children might access FQHCs’ 
non-medical services less frequently than adult populations, for example. Therefore, our ability 
to make inferences about these organization-level characteristics and patient-level outcomes 
was limited.  
Policy Implications 
Our findings highlight the importance of identifying processes of care within FQHCs or 
structural barriers within communities served by FQHCs that may encourage patients to utilize 
the hospital more frequently. 
Furthermore, our analysis suggests that health care organization performance profiling 
with research or policy applications should examine the influence of methodology and risk 
adjusters on performance and determine whether results are robust to the methodological 
approach and model specification. Policymakers and researchers might consider utilizing an 
overall ranking that encompasses results from multiple methodologies and model specifications.  
Finally, our results highlight the need for policymakers and payers to consider including 
non-medical service revenue codes in claims to encourage system-wide examination of the 
effectiveness of these services in reducing health care costs and utilization and improving 
patient outcomes. Having a revenue code for non-medical services in claims data would permit 




Limitations and Directions for Future Research  
 There are several important limitations to this research that are worth reiterating. First, 
the study design presents a time-ordering problem for hospital use – patients could be going to 
the hospital before or after seeing a provider. Despite this concern, all model specifications 
comparing FQHC to non-FQHC patients found similar results in both direction and significance.  
Another limitation is the challenge associated with risk adjustment in a pediatric 
population given relatively low morbidity and mortality rates and the different application of 
diagnoses, drugs and procedures in pediatric populations than adult populations.16 Furthermore, 
FQHCs are known to under-code diagnoses on claims because they are paid on a per-visit 
basis; reimbursement is not tied to services and diagnosis codes as under traditional fee-for-
service reimbursement models.17,18 Our analysis somewhat mitigated this under-coding bias by 
utilizing both outpatient and hospital-based claims for measuring patient acuity. Even so, we 
may not have captured something related to patient acuity in a pediatric population that could be 
driving observed relationships. 
Importantly, UDS data were self-reported and unaudited. As a result, there may be 
measurement error in our model covariates, potentially biasing our results. Finally, our analysis 
was limited to the organizational characteristics available in UDS data. Other organizational 
factors (e.g., leadership, community partnerships) not available in these data might be 
contributing to observed relationships. For example, the configurational comparative results 
indicated that having a large number of clinic sites was associated with high performance. 
Having a large number of clinic sites could be a reflection of leadership that is more proactive in 
meeting community needs. 
Directions for Future Research 
Our analyses utilized organization-level UDS data that could not be linked to patient-
level data. Future research examining FQHC services should explore electronic health record 
data to better assess the effect of non-medical services on patient-level utilization, cost and 
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outcomes. Additionally, the International Statistical Classification of Diseases and Related 
Health Problems, Tenth Revision (ICD-10) diagnosis codes for non-medical causes of poor 
health present exciting opportunities for research into risk adjustment algorithms potentially 
important for FQHC to non-FQHC comparisons if more health care providers utilize these 
codes.19  
Because our research focused narrowly on pediatric asthma, future studies could 
replicate these analyses in different study populations or with different disease categories. 
Future studies should ensure the study population exhibits variation in inpatient hospital use to 
determine whether the effect of FQHC use, as well as FQHC characteristics, vary according to 
ED versus inpatient hospital utilization. 
Finally, qualitative research could help identify how organizational factors not available in 
quantitative data (e.g., leadership, community partnerships) may contribute to the observed 
relationships between organizational characteristics and organization performance. 
Furthermore, qualitative interviews could identify organizational structures and processes 
underlying chronic disease care and access to non-medical services. For example, qualitative 
interviews could assess how pediatric patients access non-medical services within FQHCs. At 
the time of this writing, few studies examining FQHC performance and FQHC organizational 
characteristics have utilized qualitative interviews to verify quantitative findings and generate a 
more in-depth understanding of contextual factors influencing performance that are not 
observed in standard data sets.  
Conclusion 
Federally qualified health centers are vital primary care providers for low-income, 
uninsured and underinsured populations. Measuring their performance relative to other 
providers is an important endeavor for addressing the Triple Aim of lower costs, better patient 
outcomes and better population health. Moreover, identifying “successful” FQHC practice 
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models could encourage their replication across the FQHC program and in other practice 
settings.  
In this study, FQHC use was associated with a higher likelihood of preventable hospital 
utilization among Medicaid-insured children with asthma in North Carolina. Patients using 
FQHCs with a broader scope of non-medical services and more of certain types of non-medical 
services staff were more likely to have preventable hospital utilization. Understanding the 
organizational characteristics associated with lower preventable hospital utilization rates among 
FQHCs is both timely and policy-relevant given the growth of the FQHC program20 and ongoing 
health care payment and delivery system reforms. However, the FQHC characteristics in this 
study did not reflect patient-level utilization, and non-medical services might not be equally 
accessible to all patients within an FQHC organization. 
The results of this research provide additional insight into the complexities inherent in 
measuring the effect of FQHCs in pediatric populations. The surprising and counterintuitive 
finding that certain non-medical services are associated with higher hospital utilization should 
encourage future research using FQHCs’ electronic health record data and qualitative 
interviews to best identify organization structures and processes associated with performance. 
These findings also underscore the need for policymakers and payers to incorporate encounter-
level data on non-medical services in claims submissions in order to better measure the effect 
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APPENDIX A: VARIABLE DEFINITIONS FOR AIMS 1-3 
Primary care provider definition: 
We utilized rendering and billing provider taxonomy codes to identify primary care providers 
according to the classifications and taxonomy codes outlined in the table below: 
Classification Taxonomy code 
Midwives 176B00000X 
Nurse practitioners & physician assistants 363A00000X, 363L00000X, 364S00000X, 
367A00000X 
Internal medicine physicians 207R00000X, 207RA0000X 
Pediatric physicians 208000000X, 2080A0000X 
Family medicine physicians 207Q00000X, 207QA0000X 
OBGYN physicians 207V00000X, 207VG0400X, 207VM0101X, 
207VX0000X 
Preventive medicine physicians 2083P0500X, 2083P0901X, 2083X0100X 
General practice physicians 208D00000X 
Rural health clinic, community clinic and 
public health  
261QC1500X, 261QP0905X, 261QR1300X 
Federally qualified health center 261QF0400X 
 
The primary care provider definition also included practices flagged as Community Care of 
North Carolina (CCNC) practices in Medicaid management claims. Specialty providers were not 
included. 
 
Primary care and preventive services definition: 
The following Current Procedural Terminology codes were used to identify primary care and 
preventive services: 
ACA-defined primary care visits 
99201-99205 Preventive medicine service code 
99211-99215 Preventive medicine service code 
99324-99328 New patient domiciliary, rest home, or custodial care visit 
99334-99337 Established patient domiciliary, rest home, or custodial 
care visit 
99339-99340 Individual physician supervision of a patient in home, 
domiciliary or rest home 
99341-99345  New patient home visit 
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99347-99350 Established patient home visit 
AAP-identified codes for 
preventive services 
  
99382-99385 Preventive medicine service code 
99392-99395 Preventive medicine service code 
99429 Unlisted preventive medicine service 
90460-90461 Immunizations 
90471-90474 Immunizations (non-age specific) 
S0302 Early and Periodic Screening, Diagnostic & Treatment 
(EPSDT) 
Other preventive services   
99499 Other Evaluation & Management  
99354 Prolonged physician services 
99355 Prolonged physician services 
G0463 Hospital outpatient clinic visit for assessment & 
management (OPPS) 
T1015 All-inclusive visit (FQHC code) 
 
Patients were attributed to the primary care organization (billing provider NPI) from which they 
received the plurality of primary and preventive care services.  
 
Specialty provider definition: 
Specialists for asthma care were identified using the following billing and rendering provider 
taxonomy codes:  
Classification Taxonomy code 
Allergy & Immunology 207K00000X, 207KA0200X 
Internal Medicine, Pulmonary Disease 207RP1001X 
Pediatrics, Pediatric Pulmonology  2080P0214X 
Internal Medicine, Allergy & Immunology 207RA0201X 
Otolaryngology, Otolaryngic Allergy  207YX0602X 






Community Care of North Carolina-participating organization: 
Practices were flagged as CCNC practices according to the following algorithm: 
• For 2012 claims (reference year): Procedure codes W9920, W9921 and W9925 
represent per member per month payments to practices for an individual enrollee. 
• For claims after 2013: Claim Type Code = M and Managed Care Cohort ID = 8, 10 and 
Claim Base Amount Source Code = HE, HA. 
 
Identifying hospital utilization: 
Emergency department (ED) visits were identified using revenue codes 0450-0459 and 0981. 
Observation stays were identified using either revenue codes (0760 and 0762) or Current 
Procedural Terminology codes (99217-9920, 99224-99226, 99234-99236, G0378 and 
G0379).1,2 Inpatient stays were identified using place of service code 21 and header type code 
“I” for inpatient. (All room and board revenue codes indicating an inpatient stay corresponded 
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APPENDIX B: AIM 1 SENSITIVITY ANALYSES 
Table B.1. Differential Effect of Federally Qualified Health Center (FQHC) Use in All Model 
Specifications 
   Model 1 Model 2 Model 3 Model 4 
 
Model specification - 



























1 Plurality of services 
attribution (Main model 
specification) 0.0121** 0.0125*** 0.0286*** 0.0311*** 
2 Plurality of services 
attribution with 60-day 
washout period for 
hospital utilization 0.0121** 0.0126*** 0.0227*** 0.0239*** 
3 CCNC medical home-
based attribution 0.0169*** 0.0178*** 0.0384*** 0.0436*** 
4 Ever FQHC patient  0.0114*** 0.0117*** 0.0291*** 0.0318*** 
5 Lagged FQHC attribution 0.0134** 0.0141** 0.0452*** 0.0438*** 
Note: The analysis sample varied across the five sensitivity analyses. 
*** p<0.001, ** p<0.01, * p<0.05  
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Table B.2. Average Marginal Effects of Model Covariates on Preventable Hospital 
Utilization with a 60-Day Washout Period 






with a principal 
diagnosis of 
asthma 











ED visit with 
any diagnosis 
of asthma 
FQHC patient  0.0121** 0.0126*** 0.0227*** 0.0239*** 
 (0.00374) (0.00371) (0.00502) (0.00471) 
Age -0.00475*** -0.00345*** -0.00591*** -0.00439*** 
 (0.000139) (0.000125) (0.000198) (0.000187) 
Race/Ethnicity (ref. White. 
not Hispanic)     
Black, not Hispanic 0.0465*** 0.0426*** 0.0603*** 0.0575*** 
 (0.00109) (0.00099) (0.00166) (0.00161) 
Hispanic 0.00447*** 0.00320** -0.0325*** -0.0328*** 
 (0.00132) (0.00118) (0.00213) (0.00203) 
Multiple/Other, not 
Hispanic 0.00821*** 0.00611** -0.0104** -0.0125*** 
 (0.00225) (0.00212) (0.00377) (0.00362) 
Unknown 0.00910*** 0.00767*** -0.00159 -0.00597 
 (0.00218) (0.00203) (0.00364) (0.00365) 
Female sex (ref. male) -0.00690*** -0.00592*** -0.00309* -0.00239 
 (0.000934) (0.000879) (0.00136) (0.00133) 
Months of Medicaid 
coverage in calendar year 0.00128*** 0.00149*** 0.00451*** 0.00512*** 
 (0.000233) (0.000225) (0.000354) (0.000358) 
Rural residence (ref. non-
rural) 0.00556*** 0.00626*** 0.0241*** 0.0256*** 
 (0.00129) (0.00118) (0.00200) (0.00192) 
Utilized specialty care for 
asthma 0.0314*** 0.0220*** 0.000232 -0.00316 
 (0.00174) (0.00160) (0.00213) (0.00207) 
Total primary care visits 0.00179*** 0.00146*** 0.00449*** 0.00326*** 
 (0.000119) (0.000112) (0.000187) (0.000185) 
Number of chronic 
conditions 0.00556*** 0.00443*** 0.0394*** 0.0292*** 
 (0.000361) (0.000343) (0.000594) (0.000582) 
Continuity of care in 
calendar year 0.0371*** 0.0309*** 0.0361*** 0.0259*** 
 
  (0.00318)  (0.00299)  (0.00450)  (0.00442)  
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County-level covariates     
Percent of population living 
below federal poverty line 0.00191*** 0.00157*** 0.000205 -0.00042 
 (0.000233) (0.000215) (0.000366) (0.000347) 
Median household income 
(in $10,000) 0.00640*** 0.00400*** -0.00225 -0.00591** 
 (0.00128) (0.00119) (0.00196) (0.00188) 
Annual concentration of air 
particulate matter -0.000888 -0.00133 0.00108 0.00139 
 (0.000760) (0.000703) (0.00118) (0.00115) 
Number of Medicaid 
patients with asthma 
served by attributed 
provider organization in 
calendar year (in 10,000) 0.000198*** 0.000156** 0.000362*** 0.000283*** 
 (0.0000551) (0.0000516) (0.0000843) (0.0000821) 
Year (ref. 2013)     
2014 -0.0137*** -0.0127*** -0.0324*** -0.0345*** 
 (0.00165) (0.00155) (0.00247) (0.00240) 
2015 -0.0375*** -0.0326*** -0.0670*** -0.0654*** 
 (0.00159) (0.00145) (0.00251) (0.00245) 
Pearson residual -0.00145 -0.00139 -0.00132 -0.000938 
 (0.000752) (0.000735) (0.000953) (0.000844) 
Observations 381,723 381,723 381,723 381,723 
Bootstrapped standard errors in parentheses. 




Table B.3. Average Marginal Effects of Model Covariates on Preventable Hospital 
Utilization - CCNC Medical Home Attribution  

























FQHC patient  0.0169*** 0.0178*** 0.0384*** 0.0436*** 
 (0.00490) (0.00490) (0.00788) (0.00816) 
Age -0.00500*** -0.00355*** -0.00586*** -0.00413*** 
 (0.000160) (0.000145) (0.000220) (0.000213) 
Race/Ethnicity (ref. 
White. not Hispanic)     
Black, not Hispanic 0.0545*** 0.0497*** 0.0685*** 0.0653*** 
 (0.00141) (0.00134) (0.00220) (0.00216) 
Hispanic 0.00379** 0.00227 -0.0422*** -0.0426*** 
 (0.00138) (0.00132) (0.00243) (0.00238) 
Multiple/Other, not 
Hispanic 0.00958*** 0.00716** -0.0112* -0.0142** 
 (0.00277) (0.00254) (0.00456) (0.00443) 
Unknown 0.0104*** 0.00897*** -0.00602 -0.00983* 
 (0.00271) (0.00250) (0.00423) (0.00422) 
Female sex (ref. 
male) -0.00711*** -0.00611*** -0.00204 -0.0011 
 (0.00117) (0.00107) (0.00166) (0.00160) 
Months of Medicaid 
coverage in calendar 
year -7.26E-05 0.000347 0.000909* 0.00175*** 
 (0.000285) (0.000268) (0.000430) (0.000407) 
Rural residence (ref. 
non-rural) 0.00681*** 0.00767*** 0.0292*** 0.0311*** 
 (0.00152) (0.00142) (0.00226) (0.00220) 
Utilized specialty care 
for asthma 0.0288*** 0.0188*** -0.0169*** -0.0202*** 
 (0.00193) (0.00175) (0.00249) (0.00240) 
Total primary care 
visits 0.00115*** 0.000876*** 0.00203*** 0.00103*** 
 (0.000130) (0.000120) (0.000217) (0.000211) 
Number of chronic 
conditions 0.00538*** 0.00430*** 0.0445*** 0.0324*** 
 (0.000484) (0.000443) (0.000727) (0.000696) 
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Continuity of care in 
calendar year 0.0182*** 0.0142*** -0.0270*** -0.0303*** 
 (0.00330) (0.00305) (0.00469) (0.00455) 
County-level 
covariates     
Percent of population 
living below federal 
poverty line 0.00237*** 0.00189*** 0.000587 -0.000245 
 (0.000274) (0.000259) (0.000428) (0.000413) 
Median household 
income (in $10,000) 0.00853*** 0.00520*** -0.000509 -0.00565** 
 (0.00151) (0.00143) (0.00221) (0.00216) 
Annual concentration 
of air particulate 
matter 0.00066 -4.23E-05 0.00528*** 0.00498*** 
 (0.000922) (0.000864) (0.00133) (0.00125) 
Number of Medicaid 
patients with asthma 
served by attributed 
provider organization 
in calendar year (in 
10,000) 0.000158* 0.000106 0.000294** 0.000173 
 (0.0000685) (0.0000633) (0.000106) (0.000101) 
Year (ref. 2013)     
2014 -0.0202*** -0.0187*** -0.0450*** -0.0461*** 
 (0.00199) (0.00184) (0.00272) (0.00259) 
2015 -0.0513*** -0.0448*** -0.0973*** -0.0934*** 
 (0.00199) (0.00184) (0.00273) (0.00264) 
Pearson residual -0.00162 -0.00164 -0.00218 -0.00266 
 (0.000990) (0.000984) (0.00170) (0.00176) 
Observations 315,562 315,562 315,562 315,562 
Bootstrapped standard errors in parentheses. 
*** p<0.001, ** p<0.01, * p<0.05    
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Table B.4. Average Marginal Effects of Model Covariates on Preventable Hospital 
Utilization - Ever-FQHC Attribution 

























Ever FQHC patient  0.0114*** 0.0117*** 0.0291*** 0.0318*** 
 (0.00288) (0.00279) (0.00397) (0.00359) 
Age -0.00513*** -0.00364*** -0.00562*** -0.00396*** 
 (0.000147) (0.000131) (0.000203) (0.000189) 
Race/Ethnicity (ref. 
White. not Hispanic)     
Black, not Hispanic 0.0544*** 0.0497*** 0.0678*** 0.0649*** 
 (0.00119) (0.00108) (0.00179) (0.00173) 
Hispanic 0.00471*** 0.00343** -0.0423*** -0.0421*** 
 (0.00141) (0.00126) (0.00228) (0.00218) 
Multiple/Other, not 
Hispanic 0.0104*** 0.00788*** -0.0117** -0.0146*** 
 (0.00255) (0.00236) (0.00418) (0.00402) 
Unknown 0.0110*** 0.00980*** -0.00506 -0.00819* 
 (0.00242) (0.00225) (0.00403) (0.00399) 
Female sex (ref. 
male) -0.00703*** -0.00608*** -0.00148 -0.000418 
 (0.00102) (0.000965) (0.00147) (0.00145) 
Months of Medicaid 
coverage in calendar 
year -0.000479* 1.07E-05 0.000726 0.00180*** 
 (0.000242) (0.000233) (0.000376) (0.000372) 
Rural residence (ref. 
non-rural) 0.00533*** 0.00644*** 0.0260*** 0.0282*** 
 (0.00139) (0.00129) (0.00215) (0.00208) 
Utilized specialty care 
for asthma 0.0242*** 0.0155*** -0.0174*** -0.0204*** 
 (0.00172) (0.00159) (0.00215) (0.00209) 
Total primary care 
visits 0.000613*** 0.000430*** 0.00126*** 0.000263 
 (0.000122) (0.000118) (0.000195) (0.000188) 
Number of chronic 


















covariates     
Percent of population 
living below federal 
poverty line 0.00233*** 0.00190*** 0.000391 -0.000399 
 (0.000254) (0.000237) (0.000397) (0.000377) 
Median household 
income 0.00805*** 0.00502*** -0.00202 -0.00673*** 
 (0.00140) (0.00130) (0.00209) (0.00202) 
Annual concentration 
of air particulate 
matter -0.000262 -0.000975 0.00457*** 0.00424*** 
 (0.000836) (0.000773) (0.00127) (0.00126) 
Year (ref. 2013)     
2014 -0.0190*** -0.0174*** -0.0442*** -0.0455*** 
 (0.00186) (0.00173) (0.00267) (0.00262) 
2015 -0.0526*** -0.0456*** -0.100*** -0.0958*** 
 (0.00174) (0.00160) (0.00276) (0.00266) 
Pearson residual -7.89E-05 -3.89E-05 6.25E-05 5.41E-05 
 (0.000541) (0.000517) (0.000740) (0.000560) 
Observations 381,723 381,723 381,723 381,723 
Bootstrapped standard errors in parentheses. 






Table B.5. Average Marginal Effects of Model Covariates on Preventable Hospital Utilization with a Principal Diagnosis of 
Asthma and Lagged FQHC Attribution, 2014-2015  
 Model 1 - Lagged Model 1 - Not lagged Model 2 - Lagged Model 2 - Not lagged 
  
Any hospital utilization 
with a principal 
diagnosis of asthma 
Any hospital utilization 
with a principal 
diagnosis of asthma 
ED visit with 
principal diagnosis 
of asthma 
ED visit with 
principal diagnosis 
of asthma 
FQHC patient - lagged 
attribution 0.0134**  0.0141**  
  (0.00501)  (0.00504)  
FQHC patient - 
unlagged attribution  0.0132**  0.0138** 
   (0.00458)  (0.00429) 
Age -0.00362*** -0.00362*** -0.00266*** -0.00266*** 
  (0.000171) (0.000171) (0.000160) (0.000160) 
Race/Ethnicity (ref. 
White. not Hispanic)     
Black, not Hispanic 0.0490*** 0.0490*** 0.0452*** 0.0452*** 
  (0.00151) (0.00150) (0.00142) (0.00142) 
Hispanic 0.00321* 0.00330* 0.00296* 0.00305* 
  (0.00150) (0.00150) (0.00135) (0.00134) 
Multiple/Other, not 
Hispanic 0.0120*** 0.0121*** 0.0101*** 0.0101*** 
  (0.00293) (0.00293) (0.00274) (0.00274) 
Unknown 0.0107*** 0.0107*** 0.0103*** 0.0104*** 
  (0.00273) (0.00272) (0.00252) (0.00252) 
Female sex (ref. male) -0.00506*** -0.00506*** -0.00412*** -0.00412*** 
   (0.00118)  (0.00118) (0.00113) (0.00113) 
Months of Medicaid 
coverage in calendar 




  (0.000518) (0.000519) (0.000475) (0.000477) 
Rural residence (ref. 
non-rural) 0.00479** 0.00483** 0.00607*** 0.00610*** 
  (0.00165) (0.00165) (0.00159) (0.00159) 
Utilized specialty care 
for asthma 0.0395*** 0.0395*** 0.0280*** 0.0279*** 
  (0.00229) (0.00229) (0.00204) (0.00203) 
Total primary care 
visits 0.00132*** 0.00132*** 0.00110*** 0.00110*** 
  (0.000152) (0.000151) (0.000141) (0.000140) 
Number of chronic 
conditions 0.00939*** 0.00939*** 0.00787*** 0.00788*** 
  (0.000449) (0.000449) (0.000405) (0.000405) 
Continuity of care in 
calendar year 0.0234*** 0.0233*** 0.0187*** 0.0186*** 
  (0.00383) (0.00383) (0.00355) (0.00354) 
County-level 
covariates     
Percent of population 
living below federal 
poverty line 0.00244*** 0.00245*** 0.00194*** 0.00195*** 
  (0.000320) (0.000320) (0.000295) (0.000294) 
Median household 
income (in $10,000) 0.00830*** 0.00832*** 0.00533*** 0.00537*** 
  (0.00161) (0.00160) (0.00151) (0.00150) 
Annual concentration 
of air particulate 
matter 0.00212* 0.00211* 0.00154 0.00152 
  (0.000924) (0.000920) (0.000853) (0.000849) 
Number of Medicaid 
patients with asthma 
served by attributed 




in prior year (in 
10,000) 
  (0.0000675)  (0.0000638)  
Number of Medicaid 
patients with asthma 
served by attributed 
provider organization 
in current year (in 
10,000)  0.000139  0.000108 
   (0.0000722)  (0.0000673) 
Year (ref. 2014 for 
lagged attribution)     
2015 -0.0267*** -0.0265*** -0.0234*** -0.0232*** 
  (0.00184) (0.00184) (0.00171) (0.00172) 
Pearson residual 0.000104 -0.000278 -9.13E-05 -0.000198 
  (0.00094) (0.00079) (0.00094) (0.00071) 
Observations 198,807 198,807 198,807 198,807 
Bootstrapped standard errors in parentheses. 







Table B.6. Average Marginal Effects of Model Covariates on Preventable Hospital Utilization with Any Diagnosis of Asthma 
and Lagged FQHC Attribution, 2014-2015  
 Model 3 - Lagged Model 3 - Not lagged 
Model 4 - 
Lagged 
Model 4 - Not 
lagged 
  
Any hospital utilization 
(ED, observation or 
inpatient stay) with any 
diagnosis of asthma 
Any hospital utilization 
(ED, observation or 
inpatient stay) with any 
diagnosis of asthma 
ED visit with 
any diagnosis 
of asthma 
ED visit with any 
diagnosis of asthma 
FQHC patient - lagged 
attribution 0.0452***  0.0438***  
  (0.00773)  (0.00745)  
FQHC patient - unlagged 
attribution  0.0403***  0.0399*** 
   (0.00784)  (0.00768) 
Age -0.00443*** -0.00442*** -0.00341*** -0.00340*** 
  (0.000263) (0.000263) (0.000261) (0.000261) 
Race/Ethnicity (ref. White. 
not Hispanic)     
Black, not Hispanic 0.0687*** 0.0691*** 0.0657*** 0.0660*** 
  (0.00241) (0.00241) (0.00233) (0.00232) 
Hispanic -0.0284*** -0.0278*** -0.0283*** -0.0278*** 
  (0.00257) (0.00256) (0.00249) (0.00248) 
Multiple/Other, not Hispanic 9.83E-05 0.000223 -0.00274 -0.00263 
  (0.00520) (0.00519) (0.00495) (0.00494) 
Unknown 0.00221 0.00254 -0.000667 -0.000383 
  (0.00458) (0.00457) (0.00442) (0.00443) 
Female sex (ref. male) -0.00136 -0.00133 -0.000356 -0.000325 


















Months of Medicaid 









  (0.000730) (0.000730) (0.000695) (0.000695) 
Rural residence (ref. non-
rural) 0.0262*** 0.0261*** 0.0279*** 0.0279*** 
  (0.00259) (0.00259) (0.00252) (0.00252) 
Utilized specialty care for 
asthma 0.0119*** 0.0117*** 0.00649* 0.00624* 
  (0.00298) (0.00297) (0.00282) (0.00281) 
Total primary care visits 0.00309*** 0.00306*** 0.00195*** 0.00192*** 
  (0.000262) (0.000262) (0.000261) (0.000261) 
Number of chronic 
conditions 0.0516*** 0.0516*** 0.0411*** 0.0411*** 
  (0.000743) (0.000742) (0.000727) (0.000726) 
Continuity of care in 
calendar year -0.0123* -0.0130* -0.0221*** -0.0227*** 
  (0.00562) (0.00561) (0.00530) (0.00529) 
County-level covariates     
Percent of population living 
below federal poverty line 0.00286*** 0.00286*** 0.00224*** 0.00225*** 
  (0.000500) (0.000499) (0.000483) (0.000482) 
Median household income 
(in $10,000) 0.0125*** 0.0125*** 0.00836*** 0.00834*** 
  (0.00249) (0.00249) (0.00246) (0.00246) 
Annual concentration of air 
particulate matter 0.00688*** 0.00684*** 0.00595*** 0.00591*** 


















Number of Medicaid 
patients with asthma served 
by attributed provider 












  (0.000110)  (0.000106)  
Number of Medicaid 
patients with asthma served 
by attributed provider 
organization in current year 
(in 10,000)  0.000384***  0.000324** 
   (0.000114)  (0.000110) 
Year (ref. 2014 for lagged 
attribution)     
2015 -0.0299*** -0.0293*** -0.0280*** -0.0274*** 
  (0.00269) (0.00271) (0.00255) (0.00257) 
Pearson residual -0.00114 -0.00104 -0.000663 -0.000655 
  (0.00151) (0.00151) (0.00142) (0.00141) 
Observations 198,807 198,807 198,807 198,807 
Bootstrapped standard errors in parentheses.    








APPENDIX C: OVERVIEW OF CONFIGURATIONAL COMPARATIVE METHODS 
INCLUDING COINCIDENCE ANALYSIS 
Configurational comparative methods (CCMs) such as coincidence analysis (CNA) 
represent a family of cross-case comparative methods that apply Boolean algebra to identify 
logical combinations of conditions associated with an outcome in a set of data. These methods 
have been used in the social sciences since the 1980s, but CCMs are only recently becoming 
common in health services research.1–4 In particular, these methods are well-suited for 
implementation and organization science researchers as well as health care practitioners who 
are interested in evaluating multifaceted interventions in complex, real-world settings. Under 
these conditions, interventions can represent constellations of both independent and 
interdependent factors, and the relationship between individual factors and the outcomes can be 
challenging to isolate. Moreover, boundaries between an intervention, its implementation, and 
its contextual features are often blurred.5,6  
Because of the complexities associated with organization-based observational research, 
theories and methodological approaches that support complex causality are needed.7 Complex 
causality maintains that conditions may influence an outcome only in combination with other 
conditions (conjunctural causality);1 conditions can have variable effects on an outcome 
depending on their configuration (asymmetric causality);1 multiple combinations of conditions 
can produce equivalent outcomes (disjunctive causality); and outcomes can produce further 
outcomes along causal chains (sequential causality). CCMs represent one tool for modeling 
complex causality. 
Introduction to CCMs. To help orient the reader to the language associated with 
CCMs, Table C.1 includes a brief glossary of terms. CCMs conceptualize cases (the unit of 
analysis) as configurations of conditions that are either present or absent (e.g., A denotes the 
presence of a condition, A; a denotes the absence of condition A). In other words, CCMs do not 
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examine a single condition in isolation but within the context of the presence or absence of other 
conditions.8  
Configurations of conditions can be conjunctively (A AND B), disjunctively (A OR B), or 
sequentially related to one another in a solution set that is linked to a given outcome. The goal 
of configurational comparative research is to identify the groupings of conditions that are 
causally related to an outcome.9 If, for example, Organization 1 exhibits the configuration ABC, 
Organization 2 exhibits the configuration AbC, and both Organization 1 and Organization 2 
exhibit the outcome, E, then it can be said that ABC OR AbC produce the outcome E (ABC + 
AbC à E). More analysis is needed to determine whether these conditions are causally related 
to the outcome, however. 
Groupings of conditions are determined to be causally related based on the regularity 
theory of causation, which has its roots in the work of philosophers David Hume10, John Stuart 
Mill11 and John Mackie.5 Understanding the theory of causality applied to CCMs is important for 
assessing the validity of the method. Regularity theory defines a cause as one that is sufficient 
and necessary for a given effect.5 In his contribution to regularity theory, Mackie maintained that 
in order for a set of conditions to be causally interpretable, the set must contain no redundant 
elements—the conditions must be “difference-makers” for their effects.5 In other words, a 
condition cannot be causal if it can be removed from a sufficient condition without affecting the 
sufficiency of the condition. In this scenario, the condition does not make a difference for the 
presence of the outcome and is therefore redundant and not a cause of the outcome.  
Mackie referred to these conditions as “INUS conditions:” an INUS condition of an 
outcome Y is an Insufficient but Necessary part of a condition that is itself Unnecessary but 
Sufficient for Y. He illustrated INUS conditions using an example of a fire starting in a building. 
In this example, fires can start as a result of a short circuit or other causes like arson or 
lightning. In order for the short-circuit to start a fire, there must be other conditions present, such 
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as flammable material nearby and the lack of a sprinkler system. Therefore, the short-circuit 
represents an INUS condition—it is a necessary part of a sufficient condition for a fire.5  
CCMs utilize Boolean algebra – the algebra of logic rather than linear algebra – to apply 
Mackie’s theory of causation and systematically minimize a set of conditions to identify those 
that are minimally sufficient and minimally necessary for an outcome. Only after this process of 
minimization are conditions considered causally interpretable.9 CCM solutions are minimal 
theories of causation and are represented by a Boolean expression -- a minimally necessary 
disjunction of minimally sufficient conditions. These expressions can be causally interpreted 
according to regularity theory because they are redundancy-free. The goal of CCMs is to 
identify all minimal theories that fit the data.  
Two parameters of fit – consistency and coverage – provide insight into the strength of 
the causal relationship between conditions and the outcome.12 Consistency measures how often 
a combination of conditions leads to the outcome, or the degree to which the cases sharing a 
combination also share the same outcome.12 Lower consistency values may indicate lower 
confidence in the causal relationship between conditions and the outcome. Coverage measures 
the proportion of cases with the outcome that also have a particular condition.1 In other words, 
coverage measures the “empirical importance” of a given configuration.12 Coverage is only 
relevant for conditions that meet the minimum consistency threshold.1,12 Low coverage for a 
solution set may indicate that there are confounding conditions not included in the model.13  
CNA as a variant of CCMs. To date, qualitative comparative analysis, or QCA, has 
been more commonly utilized in health services research.13–15 However, we used a new method 
within the CCM family known as CNA 16,17 because it has improved upon some of the 
shortcomings of QCA.18,19 The CNA program executes the minimization algorithm in three 
primary steps13,20: 
1. CNA builds a set of minimally sufficient conditions for each outcome by first 
analyzing a single condition at a time to determine whether the condition meets 
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an indicated minimum consistency threshold (i.e., is “sufficient” to produce the 
outcome). Then, CNA examines combinations of two, three, etc. conditions that 
were not previously determined to be sufficient for the outcome. Meeting the 
consistency threshold implies that the specified proportion of cases displaying 
the condition or combination of conditions also displays the outcome.   
2. Once the set of minimally sufficient conditions have been identified, a similar 
approach is applied to determine whether those conditions meet the minimum 
coverage threshold. Meeting the coverage threshold implies that the required 
proportion of cases that display the outcome also display the indicated 
condition(s) or path to the outcome. Conditions that meet the minimal coverage 
threshold are included in the solution set. To accomplish this step, the minimally 
sufficient conditions are disjunctively concatenated and tested first as single 
conditions, disjuncts of two conditions, and so on until all logically possible 
disjuncts of conditions have been evaluated against the coverage threshold.  
3. Minimally sufficient conditions meeting the coverage threshold are then included 
in the solution set for the data.  
Distinguishing CCMs from Econometric Methods. Econometric methods (i.e., 
regression analytic methods) and CCMs like CNA apply different theories of causation 
(statistical and probabilistic versus regularity theories, respectively). Therefore, these methods 
are complementary rather than in competition with each other.13 Additionally, CCMs study 
hypotheses that link specific values of variables, thereby modeling the association of conditions 
with the outcome. Econometric methods, on the other hand, study covariation hypotheses – i.e., 
how the outcome varies given a one-unit change in an explanatory variable. 
Another key distinction between CCMs and regression analysis is the way in which 
CCMs conceptualize the “case”, or the unit of analysis: CCMs retain the composition of each 
case in the analysis instead of deconstructing cases into a series of variables as in regression 
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analysis. CCM results indicate all the possible conditions that consistently produce the outcome 
across all cases. A regression model, on the other hand, deconstructs the unit of analysis into a 
series of variables and estimates the net effect of each explanatory variable on the outcome for 
the average case. Taken together, the results of a regression model indicate how much 
variation in the outcome can be explained by the included variables. CCMs, on the other hand, 
identify causal “recipes” – configurations of conditions that are associated with the outcome 
across cases. Both CCMs and regression analysis are valuable methods but seek to answer 




Table C.1. Brief Glossary for Configurational Comparative Methods 
CCM Terminology Definition 
Boolean algebra The algebra of logic and the formal language for CCMs. Conceives of 
conditions as present or absent in contrast to linear algebra that 
conceives of variables as increasing or decreasing.8 Key operators in 
Boolean algebra include: 1) the implication operator, à, which allows 
for causal dependencies between conditions, 2) the conjunction 
(“and”) operator signified by concatenated letters or a * symbol, and 3) 
the disjunction (“or”) operator signified by a + symbol.19 
Case The unit of analysis in CCM. 
Factor Conceptually similar to a variable in econometric methods. 
Condition The value assigned to a given factor for analysis (e.g., a high 
concentration of uninsured patients).  
Calibration To align with the properties of Boolean algebra, CCMs transform factor 
values into set membership values through a process of calibration. 
Factors are calibrated to align with crisp-set, fuzzy-set or multi-value 
membership definitions prior to analysis. (There are additional 
calibration sets, but these three encompass the membership set 
definitions available to both QCA and CNA.20,21) Crisp-set calibration 
transforms factor values to 0 or 1; fuzzy-set calibration transforms 
linear factors into a range of values from 0-1 inclusive; and multi-value 
calibration transforms factor values into nominal scales. Factor values 
can be calibrated using theoretical and empirical justification.  
Configuration An arrangement of conditions into conjunctions or disjunctions. 
Minimally sufficient 
condition 
A minimally sufficient condition can either be a single condition (e.g., 
A) or a combination of conditions (e.g., ABC) that is free of redundant 
elements and exhibits a causal dependency with the outcome. In CNA, 
minimally sufficient conditions must meet the minimum consistency 
threshold.  
Solution set A solution set contains the various minimally sufficient conditions for 
the outcome. Solutions for CCMs take the form of a minimally 
necessary disjunction of minimally sufficient conditions. Conditions 
that appear in different disjuncts represent alternative pathways to the 
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APPENDIX D: THRESHOLD PLACEMENT AND CALIBRATION FOR COINCIDENCE 
ANALYSIS 
Figure D.1. Threshold Placement for Control Factors 
 
(1) Percent of patients without insurance; (2) organization operating income; (3) percent of pediatric 






Figure D.2. Threshold Placement for Staffing Ratios 
 
(1) Ratio of behavioral health FTEs to 10,000 medical patients; (2) ratio of pharmacy FTEs to 10,000 
medical patients; (3) ratio of total enabling services FTEs to 10,000 medical patients; (4) ratio of 







Figure D.3. Threshold Placement for Individual Enabling Services Staffing Ratios 
  
 
(1) Ratio of outreach/patient and community education FTEs to 10,000 medical patients; (2) ratio of 
eligibility assistance FTEs to 10,000 medical patients; (3) ratio of interpretation FTEs to 10,000 medical 







Figure D.4. Threshold Placement for Patient-Centered Medical Home (PCMH) Recognition 
 
Represents organizations’ that achieved or retained PCMH recognition at at least one site during a 
calendar year. Organizations that ever-achieved PCMH recognition over the three-year study period were 













Table D.2. Low-threshold Calibration for Coincidence Analysis 
 
